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ABSTRACT 
 Maize’s (Zea mays L.) leaf angle has changed over the last 60 years because of intense 
selection pressure for high yielding hybrids under increasing planting densities. Leaf angle plays 
a crucial role in distributing sunlight to different canopy leaves and its optimization across the 
canopy is essential for increasing productivity per unit of land. This dissertation seeks to explain 
and predict leaf angle variation across multiple canopy levels in maize through genetic mapping, 
meta-analysis, and genomic prediction.  
Two genetic mapping populations were developed using inbred lines B73, PHW30, and 
Mo17 that represent important maize heterotic groups. The two populations were genotyped 
using genotyping-by-sequencing (GBS) and phenotyped for lower canopy leaf angle in selected 
lines from the F2 and F2:3 generations to explain this portion of the canopy’s genetic variation. A 
total of 12 quantitative trait loci (QTL) were detected across both populations and generations, 
including one consistently detected on chromosome 1. The detected QTL were mapped into 
genomic bins along with QTL from 19 previous studies to gain a comprehensive understanding 
of the natural variations underlying leaf angle. A meta-analysis with genomic bins revealed 58 
genomic hotspots that contained 33 candidate genes. Together, these results enrich our 
understanding of the genetic control of lower canopy leaf angle in inbred lines representing the 
major heterotic groups in maize and provide a roadmap for future researchers to investigate the 
molecular basis for these natural variations. 
Doubled haploids were developed from the selected F2 lines and used to explore leaf 
angle variation observed in other portions of the canopy. These were genotyped with GBS and 
phenotyped for leaf angle across four canopy levels over multiple years for genetic mapping. The 
four leaf angle phenotypes were regressed on their canopy position to derive three additional 
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traits and understand how leaf angle fluctuates across the canopy. The relationship between the 
detected QTL’s effects and canopy position was explored to improve the understanding of how 
leaf angle is controlled across the canopy. Genetic mapping revealed 59 QTL across the seven 
traits, including two major effect QTL on chromosomes 1 and 5. Developmental reaction norms 
of QTL detected across the canopy revealed that genetic effects were either stable or dynamic in 
response to canopy position. Phenotyping and genetically mapping leaf angle for individual 
leaves across the canopy revealed new insights into the genetic control of leaf angle across the 
canopy, and the selection of leaf angle QTL with dynamic effects may be beneficial for 
developing lines adapted to high planting densities. 
It is challenging to predict phenotypes utilizing the knowledge explained from genetic 
mapping populations to other mapping populations or diverse germplasm. Estimating allelic 
effects from diverse germplasm can overcome this challenge and be useful in developing 
prediction models. The predictability of leaf angle at two canopy levels and 34 other traits was 
investigated using the Maize Association Population, which is a collection of diverse germplasm 
from breeding programs around the world. This panel was assessed for its predictability for these 
traits through cross-validation and used to train a prediction model for generating genomic 
estimated breeding values for the U.S. maize national seed bank. Using two empirical 
populations, predictions for nine traits were empirically validated across multiple environments. 
An upper bound for prediction reliability was calculated for each predicted line and compared 
with prediction accuracy to investigate their relationship. Prediction accuracy, assessed by cross-
validation for the 36 traits, ranged from weak to strong and was highly dependent on a trait’s 
repeatability. For the two empirically validated leaf angle traits, prediction accuracy was similar 
to the values obtained during cross-validation. In lines with high prediction reliability values, 
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higher prediction accuracy was observed. These results suggest the genomic prediction models 
developed using the Maize Association Population will be a valuable tool to predict leaf angle 
and other traits for the diverse germplasm at the U.S. maize national seed bank. 
The genetic mapping and meta-analysis results provided new insights into explaining the 
genetic control of leaf angle across multiple canopy levels including identifying candidate genes 
and revealing QTL effects that are stable or dynamic in response to canopy position. Genomic 
prediction provided a thorough assessment of the Maize Association Population’s potential for 
predicting two leaf angle traits along with 34 other traits for accessions in the U.S. maize 
national seed bank. Together, these findings will be helpful in our effort to optimize leaf angle 
across the maize canopy in order to increase productivity per unit of land. 
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CHAPTER ONE: GENERAL INTRODUCTION 
 
 The world population is predicted to reach 9.7 billion people by 2050, subsequently 
boosting agriculture demand by 50% (Liu, 2017). At the same time, a predicted increase in 
urbanization would put a greater demand on fresh fruits and vegetables and animal-based 
proteins (Liu, 2017). Maize (Zea mays L.) is an important source of feed grain for animals, and 
in 2017, ~38% of the maize produced in the U.S. was used as animal feed (USDA). Crop yields 
need to increase to feed the growing population; however, arable land is only predicted to 
increase by ~10% during this time, with most of that growth coming from developing countries 
with limited access to advanced germplasm and current agronomic technology (Alexandros and 
Bruinsma, 2012). Increasing our productivity per unit of land will be crucial to feed the growing 
world population. 
Increase in Maize Yield 
 The dramatic sevenfold increase in maize yields over the last 153 years in the U.S. is an 
excellent example of how we can increase productivity on the same amount of land (USDA-
NASS, Fig. 1). While maize yields have been steadily increasing over time, land devoted to 
maize production has fluctuated but stayed mostly consistent (USDA-NASS, Fig. 2). For 
example, yearly land devoted to maize production during two 10-year periods, 1937-1946 and 
2009-2018, averaged ~37 million hectares (~91 million acres); however, during the earlier 
period, yearly maize yields averaged 1996.1 kg per hectare (31.8 bushels per acre) compared to 
the later period that averaged 9810.6 kg per hectare (156.3 bushels per acre, USDA-NASS, Fig. 
1 and Fig. 2). This nearly five-fold increase in yearly maize yields between these two periods can 
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be attributed to numerous advancements in both the breeding and management practices of 
maize production (Duvick, 2005). 
 From 1866 to the mid-1930s, open pollinated varieties of maize dominated farmer’s 
fields. Selection was based on best agronomic practices (single ears for manual harvesting and 
broad horizontal leaves for weed control), local competition criteria at state fairs or maize shows 
(best single ear, best ten ears, longest, etc.), and on individual plant performance (Mock and 
Pearce, 1975; Kutka, 2011). Selection for yield was non-existent or unsuccessful as average 
maize yields across the U.S. remained stagnant during this time (USDA-NASS, Fig. 1). 
 The first significant yield increase in maize was derived from Shull’s seminal 
observations and work on heterosis and hybrid maize development (Shull, 1908, 1909), and 
Jones’ idea to develop double cross hybrids to overcome the severe inbreeding depression that 
plagued early inbred lines (Jones, 1918, 1922). Experimental breeding stations and commercial 
seed companies began developing the double cross hybrids that made it into farmer’s fields in 
the mid-1920s (Crow, 1998). Farmers saw the yield and uniformity advantage these hybrids 
offered and adopted this technology rapidly, subsequently increasing maize yields at a rate of 
48.0 kg per hectare (0.8 bushels per acre) for the next 18 years (Fig. 1). Producing, testing, and 
maintaining double cross hybrids was a resource demanding process, and inbred lines were now 
more uniform, higher yielding than earlier hybrids, and overall adequate seed producers (Crow, 
1998). With the benefits of double-cross hybrids diminishing, single cross hybrids populated 
farmer’s fields, and for the next 39 years yearly maize yields increased at a rate of 116.9 kg per 
hectare (1.9 bushels per acre, Fig. 1). 
Maize Response to Planting Density Increases 
 The transition to both double and single cross hybrids and other genetic improvements 
have only accounted for ~50% of the maize yield gains observed (Duvick, 2005). Improved 
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agronomic practices like weed and pest control and increased usage of fertilizers and planting 
densities also contributed to yield gains during this period (Duvick, 2005). Ten states, Iowa, 
Illinois, Indiana, Nebraska, Ohio, Minnesota, Wisconsin, Kansas, Missouri, and South Dakota 
planted 77% of the maize in the United States during the 2018 growing season (USDA-NASS). 
For the last 56 years, average planting densities in these ten states have steadily increased from 
33,000 plants per hectare (13,000 plants per acre) in 1963 to 72,000 plants per hectare (29,000 
plants per acre) in 2018 (Fig. 3). Even with continuous genetic improvements over that time, 
yield per plant has remained relatively unchanged (Fig. 4).  
 Little change in yield per plant was also observed in a series of comparative analyses of 
U.S. commercial maize hybrids released since the 1930’s (Duvick, 1977, 1984, 1992, 2005; 
Duvick et al., 2004). From these results, it was determined that an increase in density tolerance 
was a major driver of yield increases since the mid-1960s, or in other words, hybrids are able to 
maintain the same yield per plant while under high planting density stresses. For example, 
hybrids released prior to 1960 had higher yields when planted at low densities than at high, and 
hybrids released after 1960 showed a positive response to higher planting densities (Duvick et 
al., 2004; Hammer et al., 2009). Similar results from comparative studies utilizing other maize 
materials have also been obtained (Wang et al., 2011; Ma et al., 2014; Di Matteo et al., 2016). 
 These types of comparative analyses in different sets of materials are also useful for 
identifying morphological traits that have changed in response to high selection pressure for 
yield under increasing planting densities (Duvick et al., 2004; Wang et al., 2011; Ma et al., 
2014). Plant and ear height, leaf angle (LA), leaf area, tassel size, anthesis-silking interval, 
staygreen, and ears per 100 plants are a few examples of the traits evaluated in these studies. 
Over time, LA has become more upright (Duvick et al., 2004; Wang et al., 2011; Ma et al., 
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2014), anthesis-silking interval and tassel size has decreased (Duvick et al., 2004), and the 
numbers of ears per 100 plants has increased (Duvick et al., 2004; Wang et al., 2011). Coupled 
with high planting densities, these types of morphological changes have significantly contributed 
to the observed increase in yield (e.g. Duncan et al., 1967b; Lambert and Johnson, 1978; Duvick 
et al., 2004) 
Light Competition 
 In the 1930’s, population densities were approximately 21,000 plants per hectare (11,000 
plants per acre , Troyer, 2006), resulting in individual maize plants mostly competing with 
themselves for resources, or intraplant competition, rather than competing with their surrounding 
neighbors, or intraspecific competition (Donald, 1963). Modern population densities have 
increased both intraplant and interspecific competition throughout the growing season for three 
main resources: water, nutrients, and light. Improved access and usage of irrigation and fertilizer 
in the U.S. has reduced the effects of water and nutrient stress. In the complete absence of these 
stresses, the plant’s ability to intercept and convert photosynthetically active radiation (PAR) 
into dry matter becomes a limiting factor in yield production (Donald, 1951; Blackman and 
Black, 1959; Monteith and Moss, 1977; Kiniry et al., 1989; Sinclair and Muchow, 1999).   
 The plant’s intercepted PAR around silking can be used to predict final kernel number 
(Lizaso et al., 2003), which is a major determinant of maize grain yield (Tollenaar et al., 2000).  
For example, the tool CERES-Maize models the amount of leaf area per unit of ground area, or 
leaf area index (LAI), the exponential decrease in available light in a canopy given a particular 
leaf area, or extinction coefficient (k), and the amount of incoming PAR to predict final kernel 
number (Lizaso et al., 2003). The two components, k and LAI, are important indicators for 
determining the amount of PAR the canopy intercepts, and can be directly manipulated by 
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breeders to improve canopy photosynthesis rates through increasing leaf density and 
manipulating LA (Monsi and Saeki, 1953; Saeki, 1960). 
 Plant density increases since the 1930’s in the U.S. has doubled maize hybrid LAI from 
2.4 to 4.8, and resulted in a 20% increase in light interception (Lee and Tollenaar, 2007). 
Hybrids from the 1930’s had mostly horizontal LAs (Duvick et al., 2004) meaning that the upper 
portion of the canopy intercepted most of the sunlight. Maize photosynthesis rates (µmol CO2  
m
-2
 s
-1
) increase as the amount of sunlight increases (µmol m
-2
 s
-1
); however, the rate of increase 
declines after about 50% of full sunlight (Hesketh and Musgrave, 1962; Waggoner et al., 1963; 
Fletcher et al., 2008). Furthermore, canopy photosynthesis increases as LAI increases up to a 
critical LAI level, or when 95% of the light is intercepted (Pearce et al., 1965). Modern maize 
canopies typically reach the critical LAI level (Tollenaar and Lee, 2006); however, depending on 
canopy architecture, only one or a few leaves in the upper canopy could be intercepting most of 
the incoming sunlight. As a result, canopy architecture plays a crucial role in the spatial light 
distribution within the canopy.  
 Increasing the amount of sunlight reaching the leaves surrounding the ear has numerous 
benefits for dense maize canopies. A large amount of leaf area is concentrated in the middle and 
lower parts of the canopy, therefore presenting more opportunities for photosynthesis (Ma et al., 
2014). Comparative analyses of Chinese hybrids released since the 1950’s observed that 
increased light interception near the ear is positively correlated with grain yield (Ma et al., 2014; 
Zhao et al., 2015), and even under low light conditions, lower leaves still contribute to grain 
yield (Schmidt and Colville, 1967). Increasing the amount of sunlight reaching the middle and 
lower canopy through leaf removal (Schmidt and Colville, 1967; Pendleton and Hammond, 
1969) and mirrors (Pendleton et al., 1967) has been shown to increase photosynthesis and yield 
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in maize. Maize breeders have increased the amount of sunlight reaching the middle and lower 
levels of the canopy (Zhao et al., 2015) by reducing k (Ma et al., 2014) through direct 
manipulation of LA across the canopy.  
 Modelling different planting densities while altering LA in different parts of the canopy 
revealed that upright LAs would only increase yield under high planting densities with LAI 
greater than 4.0 (Duncan et al., 1967a). The results have also suggested that a gradual decrease in 
LA from upright in the upper canopy to less upright in the lower would result in the ideal maize 
canopy as it improves and equalizes spatial light distribution throughout the canopy (Duncan et 
al., 1967a). This type of configuration would improve canopy photosynthesis and partition more 
assimilates to the ear (Duncan et al., 1967a; Duvick and Cassman, 1999; Lee and Tollenaar, 
2007; Hammer et al., 2009; Zhu et al., 2010). As a result, plant and ear growth rates are more 
efficiently maintained (Moss and Stinson, 1961; Wardlaw, 1990; Hammer et al., 2009), which is 
crucial for increasing yield, as these two traits are major determinants of yield potential in maize 
(Jacobs and Pearson, 1991). 
 The idealized appearance, or ideotype, of a modern maize plant would minimize 
competition with other plants in high-density narrow row production fields (Donald, 1968; Mock 
and Pearce, 1975). Increasing yield by optimizing canopy architecture via LA manipulation has 
been observed in other species as well. For example, the first green revolution rice variety, IR8, 
had short plant height but also upright leaves (Hubbart et al., 2007). Examples in other species 
include barley (Pearce et al., 1967), wheat and oats (Tanner et al., 1966), sugar beets (Watson, 
1958), and sorghum (Truong et al., 2015; Xin et al., 2015). These types of canopy architectures 
favor higher planting densities and narrow row spacing that defines our modern crop production 
system and helps increase productivity per unit of land. 
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Genetic Control of Leaf Angle Variation 
 Many known biological mechanisms can alter LA in maize including loss of ligule and 
auricle (Becraft et al., 1990; Harper and Freeling, 1996), variations in the auricle size (Kong et 
al., 2017; Strable et al., 2017), and proteomic differences and changes in midrib cells (Wang et 
al., 2015; Strable et al., 2017). The ligule and auricle are two structures that separate the blade 
and the sheath in maize, and a loss of these structures can result in leaves with upright LAs 
(Becraft et al., 1990; Harper and Freeling, 1996). For example, mutations in two genes, 
liguleless1 (lg1) and liguleless2 (lg2), result in this type of phenotype. The lg1 mutant was first 
identified as a recessive single gene mutation (Emerson, 1912), and subsequent cloning revealed 
it encodes a squamosa-promoter binding protein (Moreno et al., 1997). Mutations in this gene 
cause all leaves to lack an auricle and basic ligules form only in the upper leaves (Becraft et al., 
1990). On the other hand, newer leaves on plants with a mutation in lg2 develop more ligule and 
auricle, such that the upper most leaves develop normal auricles and ligules but remain upright 
(Harper and Freeling, 1996). This gene was also identified as a recessive single gene mutation 
(Brink, 1933) and subsequent cloning revealed it encodes a basic leucine zipper protein (Walsh 
et al., 1998). Research using double mutants revealed that these two genes are likely in the same 
pathway, where lg2 is upstream and restricts the make ligule and auricle signal to the appropriate 
location, while lg1 interprets and propagates the signal from lg2 (Harper and Freeling, 1996 and 
Fig. 5). 
 Prior research has introgressed these two genes independently into similar genetic 
backgrounds to evaluate their effect on grain yield (Pendleton et al., 1968; Lambert and Johnson, 
1978). Introgressing lg1 and evaluating the subsequent hybrids under high planting densities 
resulted in little to no yield increase when compared to the wild-type hybrid and suggests that 
LA can be too upright and not improve yield (Pendleton et al., 1968; Lambert and Johnson, 
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1978). In contrast, introgressing lg2 revealed yield increases of 41% (Pendleton et al., 1968) and 
11% (Lambert and Johnson, 1978) when compared to the wild-type hybrid. Additionally, ear-
barrenness was reduced by 50% (Pendleton et al., 1968) and 61% (Lambert and Johnson, 1978) 
in these hybrids, which is an important yield determinant in maize. 
 Through genetic mapping, fine mapping, and comparative genomics previous research 
has identified additional genes controlling LA in maize. The maize gene ZmTAC1 was identified 
through a comparative genomics approach that used a gene previously identified in rice, tiller 
angle control (OsTAC1) , to identify a homologous maize gene underlying an identified 
quantitative trait loci (QTL, Ku et al., 2011). Leaf angle was phenotyped in every leaf in the two 
parents and revealed ZmTAC1 affected LA in most of the leaves in the canopy, with the largest 
effect in the leaves in the upper canopy (Ku et al., 2011). Fine-mapping and positional cloning 
across F2:3 families identified ZmCLA4 (Zhang et al., 2014). Comparative genomics also revealed 
this gene to be an orthologue of a previously cloned gene in rice known to affect LA (Li et al., 
2007), LAZY1. Mutations in nana plant2 affects numerous plant architecture traits including 
plant height, branching, and LA, and was found to affect LA for leaves in the upper and lower 
canopy (Best et al., 2016). Numerous LA related genes have been identified and cloned in rice, 
and are discussed and presented in more detail in chapter 2. 
 Numerous studies have conducted genetic and genome-wide association mapping for LA 
in maize and are summarized and discussed in more detail in Chapter 2. Examples of genetic and 
genome-wide association mapping for LA in other crops include rice (Li et al., 1999; Hu et al., 
2012), sorghum (Truong et al., 2015; Zhao et al., 2016), and wheat (e.g. Sun et al., 2017; Liu et 
al., 2018). From these studies, both large and small effect QTL have been identified by 
phenotyping mostly leaves in the upper canopy or for tiller angle. 
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 The objectives of the first part of this dissertation (chapters 2 and 3) are to 1) investigate 
the genetic control of lower canopy LA variation in inbred lines representing important heterotic 
groups in maize; 2) conduct a meta-analysis with previous LA genetic mapping results to gain a 
comprehensive understanding of natural variations underlying LA in maize; 3) dissect and 
explain the genetic control of leaf angle variation across multiple canopy levels. 
Genomic Prediction for Crop Improvement 
 Genetic mapping is a powerful method for identifying small and large effect loci 
controlling important traits of interest. Marker assisted selection (MAS) has been useful for 
selecting large effect loci for crop improvement (Bernardo, 2008; Sun et al., 2010); however, the 
quantitative nature of most economically important traits, such as grain yield, have proven 
difficult to improve through MAS alone due to the complex genetic control and numerous small-
effect loci that contribute to these quantitative traits. Further investments in genetic improvement 
are necessary to continue the impressive increases in genetic gain maize has experienced over the 
last 60 years. 
 Identifying informative polymorphisms linked to a trait of interest has traditionally 
involved developing and testing genetic mapping populations or conducting genome-wide 
association analyses. Besides involving time and resources to generate this information, the 
effects of these linked loci can change depending on the genetic background. Next generation 
sequencing technologies have provided access to an abundant supply of genetic polymorphisms 
all across the genome, while high-throughput genotyping enables us to test for these informative 
polymorphisms across a wide array of germplasm. Genomic selection (GS) methodologies can 
utilize the high-throughput genotyping data to estimate marker effects for all markers and predict 
phenotypes (Meuwissen et al., 2001; Heffner et al., 2009; Crossa et al., 2017). 
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 Development of statistical models for predicting complex traits using genetic markers has 
become an important research area in recent years. Two popular methods, genomic best linear 
unbiased prediction (G-BLUP) and ridge-regression BLUP (RR-BLUP), differ in their 
application, but are mathematically equivalent (Habier et al., 2008). The G-BLUP method uses 
whole-genome markers to estimate genomic relationships that allow information from relatives 
to predict genomic estimated breeding values (GEBVs) from a mixed linear model. The RR-
BLUP method also uses a mixed linear model and considers markers as a random effect with the 
variance of their effects equal to the genetic variance divided by the total number of markers. 
This shrinkage avoids over-fitting the model, as high-throughput genotyping usually provides 
more markers than individuals for prediction. In both cases, phenotypic data is only available for 
a training population, and this information is used along with genotypic data for the tested and 
untested material to predict GEBVs for the untested material. 
 The assumption of equal marker effects closely follows the tenets behind the infinitesimal 
model (Fisher, 1919); however, even at a low occurrence, genetic mapping and genome-wide 
association studies have revealed regions of the genome with large effects that influence 
complex traits (Kearsey and Farquhar, 1998; Bernardo, 2002). To account for these large effects 
in GS, Bayesian models have been proposed to model markers with unique variances (BayesA), 
include some markers with no effects and unique variances (BayesB), and include markers with 
equal variances and some with no effect (BayesCπ). Other methods have been proposed, but 
simulation and empirical studies across crop species, including maize, have repeatedly shown 
that the less computationally demanding RR-BLUP method performs as well as the other 
complex methods (e.g. Bernardo and Yu, 2007; Heslot et al., 2012; Yu et al., 2016). Under a 
simpler model that assumes equal marker variances, high marker densities and extensive linkage 
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disequilibrium within bi-parental populations, for example, may distribute the effects of major 
QTL to multiple markers, therefore allowing the model to account for these large effect QTL 
(Lorenz et al., 2011).  
 The objectives of the second part of this dissertation (chapter 4) are to 1) assess the Maize 
Association Population’s potential as a training population for two leaf angle traits and 34 others; 
2) use the Maize Association Population to train a prediction model and predict GEBVs for the 
2,812 lines in the U.S. maize national seed bank; 3) empirically validate predictions for nine 
traits using two empirical validation populations; 4) investigate the upper bound for reliability 
for prediction accuracy in this material. 
Dissertation Organization 
 This dissertation contains one published chapter (Chapter 2) and two manuscripts in 
preparation (Chapters 3 and 4). These three chapters are written in the format of journal articles. 
Each one contains their own abstract, introduction, materials and methods, results, discussion, 
and references, therefore the general introduction (Chapter 1) extended on topics not covered in 
those chapters. A final chapter (Chapter 5) summarizes the major conclusions from each chapter.  
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 Figures 
 
Fig. 1. Maize yield in the U.S. over the last 153 years. Data from the USDA-NASS was used to investigate the increase in maize yield across four 
different periods: open pollinated (1866-1936), double cross hybrid (1937-1955), single cross hybrid (1956-1995), and biotech (1996-current). 
Agronomic and breeding improvements have continuously increased yield in the U.S. over this time. 
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Fig. 2. Maize planted in the U.S. over the last 93 years. Data from the USDA-NASS was used to investigate amount of land devoted to maize 
production four different periods: open pollinated (1866-1936), double cross hybrid (1937-1955), single cross hybrid (1956-1995), and biotech 
(1996-current). The amount of land over the last 93 years has fluctuated, but has remained consistent over this time. 
 
 
Fig. 3. Planting density has been increasing across ten states. Data from the USDA-NASS was used to investigate planting density for ten states 
across the U.S. Corn Belt: Iowa, Illinois, Indiana, Nebraska, Ohio, Minnesota, Wisconsin, Kansas, Missouri, and South Dakota. A weighted 
average by the number of hectares planted was used to calculate the average planting density across all ten states. Planting density has been 
increasing at a steady rate for the last 56 years. 
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Fig. 4. Yield per plant has remained constant across ten states. Data from the USDA-NASS was used to calculate yield per plant for ten states 
across the U.S. corn belt: Iowa, Illinois, Indiana, Nebraska, Ohio, Minnesota, Wisconsin, Kansas, Missouri, and South Dakota. Yield per plant 
was determined by multiplying the total hectares planted by the yield per hectare and dividing by the plant density per hectare multiplied by the 
total hectares planted. A weighted average by the number of hectares planted was used to calculate the average yield per plant across all ten 
states. Yield per plant has remained constant for the last 56 years. 
 
Fig. 5. Leaf development with mutants of liguleless1 and liguleless2. The ligule and auricle help control leaf angle variation in maize. This 
illustration depicts the previously proposed pathway that represents how the ligule and auricle formation can be disrupted by mutations in two 
genes: liguless1 (lg1) and liguless2 (lg2).   
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CHAPTER TWO: DISSECTION OF LEAF ANGLE VARIATION IN MAIZE 
THROUGH GENETIC MAPPING AND META-ANALYSIS 
Matthew J. Dzievit, Xianran Li, and Jianming Yu 
Modified from a manuscript that was published in the Plant Genome. Abstract, structure, and 
references are formatted according to the journal standards. 
Abstract 
Maize (Zea mays L.) hybrids have transitioned to upright leaf angles (LAs) over the last 50 
yr as maize yields and planting densities increased concurrently. Genetic mapping and a meta-
analysis were conducted in the present study to dissect genetic factors controlling LA variation. 
We developed mapping populations using inbred lines B73 (Iowa Stiff Stalk Synthetic), PHW30 
(Iodent, ex-plant variety protection inbred), and Mo17 (Non-Stiff Stalk Synthetic) that have 
distinct LA architectures and represent three important heterotic groups in the United States. 
These populations were genotyped using genotyping-by-sequencing (GBS), and phenotyped for 
LA in the F2 and F2:3 generation. Inclusive composite interval mapping across the two 
generations of the mapping populations revealed 12 quantitative trait loci (QTL), and a 
consistent QTL on chromosome 1 explained 10 to 17% of the phenotypic variance. To gain a 
comprehensive understanding of natural variations underlying LA variation, these detected QTL 
were compared with results from 19 previous studies. In total, 495 QTL were compiled and 
mapped into 143 genomic bins. A meta-analysis revealed that 58 genomic bins were associated 
with LA variation. Thirty-three candidate genes were identified in these genomic bins. Together, 
these results provide evidence of QTL controlling LA variation from inbred lines representing 
three important heterotic groups in the United States, and a useful resource for future research 
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into the molecular variants underlying specific regions of the genome associated with LA 
variation. 
Introduction 
 For the past 50 yr, maize yields and planting densities in the United States have increased 
concurrently. A comparative analysis of U.S. commercial maize hybrids released since the 1960s 
revealed that by selecting high yielding hybrids under high planting densities, breeders indirectly 
selected hybrids with upright LAs (Duvick et al., 2004). Similar results from other maize 
materials were obtained (Wang et al., 2011; Ma et al., 2014). 
Simulation (Duncan et al., 1967; Hammer et al., 2009) and empirical evidence (Lee and 
Tollenaar, 2007; Zhao et al., 2015) suggests that upright LAs combined with higher planting 
densities improve light distribution within the canopy. For example, modern hybrids intercept 
14% more light than older hybrids (Lee and Tollenaar, 2007), and the increased light intercepted 
from leaves near the ear is positively correlated with grain yield (Ma et al., 2014; Zhao et al., 
2015). Furthermore, modeling has suggested that LAs should gradually transition from upright in 
the upper canopy to less upright in the lower as this configuration would distribute solar energy 
across multiple leaves while maximizing the total solar energy absorbed by the canopy (Duncan 
et al., 1967; Zhu et al., 2010). A recent study indicated that LA in the upper canopy was 
negatively correlated with grain yield, while LA in the lower canopy was positively correlated 
(Zhang et al., 2017), confirming the earlier suggestion about canopy configuration on grain yield. 
Given LA’s role in the adaptation of maize hybrids to high planting densities, it is beneficial 
to understand the genetic control of LA variation. Five maize genes that modify LA for multiple 
leaves in the canopy have been cloned: liguleless1 (lg1, Moreno et al., 1997), liguleless2 (lg2, 
Walsh et al., 1998), tac1 (Ku et al., 2011), CLA4 (Zhang et al., 2014), and nana plant2 (Best et 
23 
 
 
al., 2016). These genes exhibit different types of dominance; for example, lg1 (Becraft et al., 
1990) and lg2 (Harper and Freeling, 1996) are recessive mutations that result in upright LAs, 
whereas CLA4 exhibits incomplete dominance (Zhang et al., 2014). 
Prior research has identified many QTL controlling LA variation in maize by phenotyping 
different leaves in the canopy, particularly leaves below the flag leaf (final leaf) and surrounding 
the ear. However, little research has investigated LA in the lower canopy, specifically below the 
ear. Previous studies used a meta-analysis to integrate a subset of reported QTL to identify 
multiple meta-QTL for LA and other canopy architecture traits (Ku et al., 2012; Wang et al., 
2016; Zhao et al., 2018). Several known genes physically mapped near these meta-QTL, yet a 
large-scale meta-analysis for only LA to facilitate separating the genetic control of LA from 
other canopy architecture traits has not been conducted. 
The U.S. Plant Variety Protection (PVP) Act of 1970 allows private companies to protect the 
proprietary inbred lines they develop for a set period. As the protection expires for these inbred 
lines, they become publicly available to explore their genetic diversity. These ex-PVP lines have 
attracted a lot of attention, with prior research suggesting that today’s germplasm can be traced 
back to contributions from seven progenitor lines that include public inbred lines B73, Mo17, 
and PH207 (Mikel and Dudley, 2006; Nelson et al., 2008; Mikel, 2011). These inbred lines 
represent three important heterotic groups in maize: Iowa Stiff Stalk Synthetic (BSSS), Non-Stiff 
Stalk (NSS), and Iodent, respectively (Mikel and Dudley, 2006; Mikel, 2011). Investigating LA 
in lines representing these heterotic groups provides us an opportunity to identify significant 
regions of the genome that have contributed to modern hybrid’s transition to upright LAs. 
In this study, we report the discovery of 12 QTL linked to LA in the lower canopy by genetic 
linkage mapping. We first developed biparental populations using three different parents (Fig. 1). 
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Selected F2 lines were genotyped using GBS and both the selected F2 lines and F2:3 families were 
phenotyped for LA. Inclusive composite interval mapping was conducted to map QTL for LA in 
both generations. To gain a comprehensive understanding of natural variations underlying LA, 
we integrated our findings with other reported QTL into genomic bins and conducted a meta-
analysis to identify regions of the genome associated with LA variation across a wide range of 
germplasm. 
Materials and Methods 
Genetic Materials 
Genetic mapping populations were developed using three inbred lines with distinct LA 
architectures (Fig. 1) that represent three important maize heterotic groups. Inbred line B73 is a 
BSSS inbred released from Iowa State University in 1972 (Russell, 1972). It has broad leaves, 
upright LAs in the upper canopy, and slightly less upright LAs below the ear (Fig. 1). Inbred line 
PHW30 is an ex-PVP Iodent inbred (PVP number 9100102) developed by Pioneer Hi-Bred in 
the late 1980s. It has a distinct plant architecture with thin wavy leaves and upright LAs 
throughout the canopy (Fig. 1), characteristics similar to modern inbred lines. Inbred line Mo17 
is a NSS inbred line the University of Missouri released in 1964 (Zuber, 1973). It has broad 
leaves and relatively flat LAs throughout the canopy (Fig. 1). 
In the summer of 2013, we made reciprocal crosses between PHW30 and each of the two 
other inbreds. The F1 plants were selfed in a 2014 winter nursery, and in the following summer, 
500 F2 seeds from each population were planted at 72,000 plants per hectare (~29,000 plants per 
acre) in ~5.5-m-long plots spaced ~76 cm apart. We combined reciprocal populations, as there 
were no biologically significant LA differences (Table 1) and herein refer to them as B73 and 
Mo17 populations. 
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We applied a modified bidirectional selective genotyping strategy (Lander and Botstein, 
1989) by including F2 plants with phenotypic values around the population mean in addition to 
two trait extreme groups. From the B73 population, we selected 44 F2 plants with the highest 
phenotypic values, 45 F2 plants with the lowest, and 36 F2 plants equal to the population mean, 
and from the Mo17 population, we selected 46, 45, and 34 plants, respectively. These three 
groups are referred to as the upright, flat, and average groups, respectively. In the summer of 
2015, 25 F2:3 seeds from selected F2 plants were planted in a single replicate under the same 
planting conditions. Three representative plants from the middle of the plot were phenotyped for 
LA, and the calculated mean was recorded as the plot’s phenotypic value. In total, 125 F2:3 
families were planted for each population, but only 123 F2:3 families were phenotyped for the 
B73 population and 120 F2:3 families for the Mo17 population. 
Phenotyping for Leaf Angle 
The second leaf below the ear leaf was phenotyped for LA on parents, hybrids, F2 lines, and 
F2:3 families starting after all plants completed anthesis. Leaf angle was phenotyped for this leaf 
because it contrasted the most among the three parents (Fig. 1). A digital image of each plant’s 
LA was captured with the Field Book Phenotyping app (version 2.3.0; Rife and Poland, 2014) on 
a Google Nexus 7 Android Tablet. The angle between horizontal and middle of the midrib was 
measured on each image with ImageJ’s angle tool (Schneider et al., 2012). The R open source 
statistical programming language and environment (R Core Development Team, 2017) and in-
house R scripts were used to analyze the phenotypic data. 
Genotyping, Filtering, and Imputation 
To map QTL associated with LA variation, DNA was extracted from F2:3 families. We 
collected one fresh tissue leaf punch from 10 F2:3 plants within each F2:3 family to reconstruct the 
26 
 
 
original F2 plant genotype (Schon et al., 1994). In total, 125 F2:3 families from each population 
were tissue sampled. 
DNA was extracted with a Qiagen DNA extraction kit and then digested with ApeKI and 
barcoded for 288-plex GBS (Elshire et al., 2011). Single nucleotide polymorphisms (SNPs) were 
called from the sequencing reads with the Tassel5-GBS Production Pipeline using the 
ZeaGBSv2.7 Production TOPM and reported as B73 RefGen_v2 physical positions (Glaubitz et 
al., 2014). FILLIN and maize donor haplotypes (V5) were used for SNP imputation (Swarts et 
al., 2014). 
The SNPs were identified in the parents and then filtered and corrected for allelic dropouts in 
the progeny using in-house java scripts. The parental lines for each population were first 
compared to identify SNPs. These SNPs were selected in the progeny, and SNPs with >15% 
missing data and segregation distortion (by testing the Mendelian segregation ratio with a p-
value <0.001) were removed. A sliding window algorithm with a 15-SNP window and an 1-SNP 
step (Su et al., 2017) was applied to address heterozygous genotypes called as homozygous 
because of low read coverage associated with the GBS method (Elshire et al., 2011). 
Quantitative Trait Loci Mapping 
IciMapping software (version 4.0.6.0; Meng et al., 2015) was used to map QTL. PHW30 was 
labeled as parent A for both populations and coded appropriately. Markers in linkage 
disequilibrium were binned using the following software options: missing rate percentage was 
set to 100, p-value distortion was set to 0 to omit this option, and markers in complete linkage 
disequilibrium were deleted randomly. The genetic maps were constructed with the binned 
markers and the Kosambi mapping function based on anchor (chromosome) and marker order 
(physical position) software options. Integrating the two genetic maps to construct a consensus 
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genetic map was implemented with the R package LPmerge (version 1.6; Endelman and 
Plomion, 2014). Inclusive composite interval mapping of additive and dominant QTL was 
conducted with the consensus map and using the following software options: a 1-cM step, a 
0.001 PIN size, and a 3.0 logarithm of odds (LOD) significance threshold. Physical positions for 
the detected QTL were converted to B73 RefGen_v3 using the assembly converter tool on 
Ensembl (Herrero et al., 2017). In addition, a genome-wide single-marker scan with physical 
distance and uncorrected genotypic data was conducted with 19,970 SNPs from the B73 
population and 11,991 SNPs from the Mo17 population to corroborate the inclusive composite 
interval mapping results. 
Meta–Quantitative Trait Loci Analysis 
To anchor findings from this study, reported information from 19 previous studies was 
compiled and summarized. The position of the leaves used for phenotyping LA was summarized, 
and they were partitioned into six canopy levels to look for patterns connecting detected QTL 
and position within the canopy. The markers flanking the QTL were converted to physical 
positions with the locus search and BLAST function on MaizeGDB (Andorf et al., 2010; Cannon 
et al., 2011) and the bin location according to MaizeGDB or the original study. The assembly 
converter tool on Ensembl (Herrero et al., 2017) was used to convert all physical positions to 
B73 RefGen_v3. 
We adapted a meta-analysis method (Wuschke et al., 2007) that uses physical positions of 
reported QTL to identify regions of the genome associated with LA variation. Reported QTL 
were declared significant with a LOD score, p-value, or likelihood ratio. The LOD scores were 
multiplied by 2 × ln(10) to obtain the likelihood ratio as it is asymptotically distributed as a χ2 
statistic. We obtained p-values for the χ
2
 statistics using one degree of freedom. For QTL defined 
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by a physical interval, the QTL was represented by the interval midpoint. Each chromosome was 
divided into 10-Mb genomic bins, and the reported QTL were mapped to a genomic bin within a 
chromosome. Physical map-based genomic bins were used to circumvent differences in marker 
systems and genetic map lengths reported from the different studies. By retaining QTL with the 
lowest p-value in genomic bins where multiple QTL were detected from the same study and 
canopy level, we obtained a set of nonredundant QTL. A Z-test weighted by sample size from the 
original study combined p-values within genomic bins (Zaykin, 2011) and was implemented 
with the combine.test function from R package survcomp (version 1.3; Schröeder et. al, 2011). 
An in-house R script administered the meta-analysis with a significance threshold for grouped p-
values set at 7.11 × 10−11 (LOD = 9.22) that accounts for multiple testing through a Bonferroni 
correction. 
Finally, a literature search identified 75 candidate genes associated with LA from maize, rice 
(Oryza sativa L.), and sorghum [Sorghum bicolor (L.) Moench] that were mapped into the 
genomic bins (Supplemental Table S1). Candidate genes from rice and sorghum were only 
included if they had an ortholog in maize. We recorded physical positions for the maize genes as 
B73 RefGen_v3. 
Results 
Phenotypic Analysis 
Reciprocal crosses between inbred lines PHW30 and both B73 and Mo17 were developed. 
Compared with PHW30, inbreds B73 and Mo17 have less upright LAs, most notably for the 
second leaf below the ear leaf (Fig. 1, Table 1). The LA for both B73 hybrids was about equal to 
the midparent value, whereas LA for both Mo17 hybrids was greater than the midparent value 
(Table 1). We tested the maternal effect for LA in the B73 and Mo17 hybrids and observed a 
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small difference only between Mo17 hybrids (2.0°, P = 0.026). Since reciprocal differences were 
not biologically significant for both of the hybrids (Table 1), we combined reciprocal 
populations. 
After phenotyping the combined F2 populations, F2 plants were selected into three groups 
corresponding to their LA: upright, average, and flat. The mean of the flat group from the Mo17 
population was larger than the mean of the Mo17 parent, while the flat group from the B73 
population was smaller than the mean of the B73 parent (Table 1). Both of the upright group’s 
means were larger than the mean of the PHW30 parent (Table 1). Phenotypic distributions across 
populations in the F2 and F2:3 generations were normally distributed (Supplemental Fig. S1), 
varied widely (Table 1) and were slightly lower in both of the F2:3 generations (Supplemental 
Fig. S1). 
Construction of Genetic Map and Quantitative Trait Loci Detection 
A modified selective genotyping method was used to select 125 F2 plants from each 
population, and DNA was collected from 10 F2:3 plants to reconstruct the F2 genotype. 
Genotyping-by-sequencing was used to generate the genotypic data for both populations. Using 
the filtered progeny genotypic data, two genetic maps were developed and combined into a 
consensus map. We identified 94,078 SNP sites segregating in the B73 population and 46,724 
segregating in the Mo17 population. After filtering, imputation, and binning, 2710 bins 
developed the B73 population linkage map, and 2129 bins developed the Mo17 population 
linkage map. Genetic map lengths were 1726.5 cM for the B73 population and 1628.88 cM for 
the Mo17 population. Combining the two genetic maps resulted in a consensus map of 1808.9 
cM. 
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Inclusive composite interval mapping with the consensus map was conducted separately for 
each population and generation. In total, 12 QTL were detected for LA (Fig. 2). Six QTL were 
detected across both generations of the B73 population (Fig. 2A,B), and all six were 
nonoverlapping according to the QTL interval’s physical position (Table 2). We detected three 
QTL in each of the two generations (Fig. 2A,B). Six QTL were detected across both generations 
of the Mo17 population (Fig. 2C,D), and five were nonoverlapping according to the QTL 
interval’s physical positions (Table 2). Five QTL were detected in the F2 generation, and one was 
detected in the F2:3 generation (Fig. 2C,D). A single-marker scan with physical mapping of 
unprocessed genotypic data provided supporting evidence for these results (Supplemental Fig. 
S2). 
The QTL near ~275 Mb on chromosome 1 was consistently detected in both generations of 
the Mo17 population and in the F2 generation of the B73 population (Table 2). A peak in this 
region was also detected in the F2:3 generation of the B73 population, but its LOD score (2.41) 
was below the significance threshold (Fig. 2B). Additionally, the QTL on chromosome 3 that 
was detected in the F2:3 generation of the B73 population and the F2 generation of the Mo17 
population maps to the same genetic position (~92 cM) but physically map ~7 Mb apart (Table 
2). The detected QTL were located on chromosomes 1, 2, 3, 4, and 8 (Table 2). 
Phenotype, Population, and Quantitative Trait Loci Summary 
Different leaves were phenotyped in dissecting LA variation in previous genetic mapping 
studies (Fig. 3, Table 3). Phenotyped leaves varied from one leaf below the flag leaf to the 
second leaf below the ear, with most of the studies phenotyping the leaves near the main ear 
(Fig. 3, Table 3). Eight studies phenotyped multiple leaves but used the mean phenotypic value 
of all leaves measured as the final trait value (Table 3). Nine studies, including this one, 
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phenotyped a single leaf, while three studies phenotyped consecutive leaves and mapped them as 
separate traits (Table 3). 
In addition to the phenotyped leaves, the parents and genetic mapping populations used by 
the different studies were summarized (Supplemental Table S2, S3). The populations were 
developed from genetic crosses using 133 inbred lines, 71 of which were unique (Supplemental 
Table S2). Inbred line B73 was used 32 times in a cross (~24% of all inbred lines used), while 50 
parents were only used once (Supplemental Table S2). Additionally, the number of genetic 
mapping populations per study ranged from 1 to 25, and the size of those populations ranged 
from 94 to 397 (Table 3). 
Overall, 495 QTL associated with LA were reported through linkage mapping within 
individual populations or joint linkage mapping across populations (Supplemental Table S3). 
Reported QTL per study ranged from 3 to 149 (Table 3), and the phenotypic variance explained 
by each QTL ranged from 0.41 and 85.05% (Supplemental Table S3). Furthermore, the 
estimated additive effect for the reported QTL ranged from −8.51 to 6.67, and the estimated 
dominance effect ranged from −2.88 to 10.77 (Supplemental Table S3). 
Meta–Quantitative Trait Loci Analysis 
After dividing the genome into 210 genomic bins ~10 Mb in size, the 495 reported LA QTL 
were mapped into 143 genomic bins across all 10 chromosomes. Within a genomic bin, multiple 
QTL from the same study and canopy level were removed, leaving 325 nonredundant QTL 
(~66%). After calculating the grouped p-value for each genomic bin using a weighted Z-test, 
there was evidence of linkage (P 
−11
) of LA to 58 genomic bins distributed across all 
10 chromosomes (Fig. 4, Supplemental Table S4). These genomic bins contained 203 
nonredundant LA QTL (~41%), representing a moderate enrichment (~2.3-fold) of LA QTL in 
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these regions. To identify any pattern that connected canopy position with the linked genomic 
bins, each study’s phenotyped leaves were partitioned into six canopy levels (Table 3). When the 
58 linked genomic bins were compared with the canopy level used to detect the QTL, no clear 
pattern was observed (Fig. 4). 
Meta-Analysis Candidate Genes 
From the 58 genomic bins that were associated with LA, we focused on summarizing the 15 
most prominent genomic bins (Fig. 4, Table 4). These 15 genomic bins contained 82 of the 325 
nonredundant QTL (~25%) and represented a ~3.5-fold enrichment of LA QTL in these regions. 
All chromosomes except chromosome 6 contained a prominent genomic bin (Table 4) and 
chromosomes 1, 2, 3, 7, and 10 contained multiple (Table 4). 
We identified 12 candidate genes in 10 of the 15 prominent genomic bins: seven genes from 
maize and five maize orthologs from rice genes (Fig. 4, Table 4). Prominent genomic bins 
contained two maize genes known to alter LA: lg1 and lg2. Twelve studies reported 28 QTL in 
the same genomic bin as lg1 (Supplemental Table S4). Two other maize genes also known to 
alter LA, droopy leaf1 (Strable et al., 2017) and droopy leaf2 (Strable et al., 2017) were 
identified. Other prominent genomic bins contained liguleless related sequence1 (Langham et 
al., 2004), which is a paralog of lg2, CLA1 (MaizeGDB), and DWF4 (Liu et al., 2007). Maize 
orthologs of rice genes known to alter cell sizes in the lamina joint that modifies leaf bending 
were also identified in these prominent genomic bins. These genes include RAVL1 (Je et al., 
2010), OsMDP1 (Duan et al., 2006), and LPA1 (Wu et al., 2013). Two maize orthologs were 
identified for both OsLG1 (Lee et al., 2007) and LPA1 (Supplemental Table S3), and all four 
orthologs were identified in prominent genomic bins (Table 4), as one of the orthologs for 
OsLG1 is lg1. 
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The meta-analysis integrated the 12 newly identified QTL into 10 genomic bins, and we 
explored those that contain candidate genes (Table 2). Four of these genomic bins contain 
candidate genes, and lg2 was included in the 15 prominent genomic bins (Table 4). The three 
QTL located on chromosome 1 physically map near one of the six maize phytochrome genes, 
phytochrome C1 (PhyC1; Sheehan, 2004). Additionally, the cloned maize gene tac1 (Ku et al., 
2011) was identified as a candidate gene. Finally, another maize ortholog of a rice gene that 
modifies the bending of the leaf’s lamina joint, TLD1 (Zhang et al., 2009), was identified as a 
candidate gene. 
Discussion 
Research has shown that commercial hybrids released over the last 50 yr have increasingly 
more upright LAs (Duvick et al., 2004; Wang et al., 2011; Ma et al., 2014). This study 
investigated three maize inbred lines with distinct LA architectures from important U.S. heterotic 
groups. Inbred line B73 has slightly less upright LAs in the lower canopy than PHW30, while 
Mo17 has the least upright. The LA for F1 plants from the B73 crosses was about equal to the 
average of the parents, while LA for F1 plants from the Mo17 crosses was greater than the 
average of the parents. Other studies reporting LA phenotypes on F1 plants and the 
corresponding parents reported F1 plants about equal to the midparent value (Ku et al., 2010) and 
F1 plants greater than both parents (Hou et al., 2015). Transgressive segregation in both the F2 
and F2:3 generations was observed in all populations, which is consistent with previous studies 
(Mickelson et al., 2002; Ku et al., 2010; Chen et al., 2015; Hou et al., 2015). Slight differences in 
the distributions of the F2 and F2:3 generations could be explained by the decrease in 
heterozygosity between the F2 and F2:3 generation that can result in less vigorous plants therefore 
causing the plants to become less upright. 
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All 12 QTL detected across both populations and generations in this study were supported by 
at least one prior study. These 12 QTL were detected on chromosomes 1, 2, 3, 4, and 8 by 
phenotyping a leaf in the lower canopy. The QTL at ~227 Mb on chromosome 2, ~29 Mb on 
chromosome 3, and ~176 Mb on chromosome 3 were near or within QTL intervals detected from 
other studies that phenotyped leaves in different parts of the canopy (Yu et al., 2006; Ku et al., 
2011; Tian et al., 2011; Potts, 2014). The QTL in these three regions all have positive additive 
effects indicating PHW30 as the source of the allele and explain substantial amounts of 
phenotypic variance (~9–17%). Furthermore, two of the three QTL are near cloned maize genes, 
lg2 (chromosome 3, ~176 Mb) and ZmTAC1 (Chromosome 2, ~221 Mb) that alter LA in 
multiple leaves throughout the canopy. In a separate experiment, we developed a backcross 
family with PHW30 and Mo17 as the recurrent parent that appears to be segregating for a single 
gene causing upright LAs for all leaves in the canopy. We are currently genotyping and 
phenotyping this family to help determine the underlying molecular variant that explains the 
phenotype observed in this family. 
Light sensitivity reduction contributed to modern maize’s transition to upright LAs (Fellner 
et al., 2003, 2006). Maize gene PhyC1 (Chromosome 1, ~227 Mb; Sheehan, 2004) physically 
maps within the three QTL intervals detected on chromosome 1. A previous study phenotyped a 
leaf near the ear and used ex–PVP lines and B73 to detect a QTL ~4 Mb upstream of this gene 
(Potts, 2014). Of the 20 studies summarized, these are the only two targeted genetic mapping 
studies to use modern inbred lines to identify QTL for LA. The PhyC1 gene has been cloned in 
maize (Sheehan, 2004), and previous results in maize and rice suggested that phyC can perceive 
far-red light signals (Takano et al., 2005; Dubois et al., 2010). High planting densities reduce red 
light and increase far-red light, resulting in a decrease in the red to far-red ratio. This decrease 
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can trigger shade-avoidance responses in plants that can include altering LA and other 
architectural modifications to increase the amount of unfiltered light reaching their leaves 
(Franklin and Whitelam, 2005). Positive additive effects for all three QTL from this study 
indicated that the more modern and upright LA inbred, PHW30, as the source of the allele, thus 
suggesting PHW30 might have a different PhyC1 allele with decreased sensitivity to red to far-
red light ratios. 
Under high planting densities, the ideal LA architecture for the maize canopy should 
gradually move from upright LAs in the upper canopy to less upright LAs in the lower (Duncan, 
1971; Long et al., 2006; Zhang et al., 2017). Previous research dissecting the genetic control of 
LA in maize has focused on phenotyping a single leaf or averaging the phenotypes from multiple 
leaves. Without phenotyping and genetically mapping multiple individual leaves in the canopy, it 
is difficult to differentiate QTL controlling LA specifically in one part of the canopy from QTL 
controlling LA in multiple parts. For example, leaves from the upper canopy to the mid-lower 
canopy were phenotyped in the studies that detected QTL within the genomic bin on 
chromosome 2 (0–10 Mb) that contains lg1 (Moreno et al., 1997). Even though this particular 
mutant is known to affect LA in all parts of the canopy (Becraft et al., 1990), for other QTL, 
without phenotyping and genetically mapping for LA in multiple leaves in the canopy, it is 
difficult to make this differentiation. Previous research has genetically mapped LA for individual 
leaves and identified leaf specific QTL, but consecutive leaves were phenotyped rather than 
leaves in different parts of the canopy (Liu et al., 2014; Chen et al., 2015; Chang et al., 2016). To 
differentiate leaf-specific from canopy-wide QTL that control LA, we are currently genotyping 
doubled haploid lines developed from the selected F2 plants from this study and phenotyping 
four leaves throughout the canopy for LA. 
36 
 
 
In addition to differentiating leaf-specific from canopy-wide QTL, parents with contrasting 
LAs in the canopy should be used for developing genetic mapping populations. Past LA studies 
in maize, including this one, have developed genetic mapping populations by crossing inbreds 
with upright LAs throughout the canopy by inbreds with flat LAs (Ku et al., 2010, 2012; Zhang 
et al., 2014; Chen et al., 2015; Ding et al., 2015; Li et al., 2015). These types of crosses resulted 
in 12 studies reporting QTL in the same genomic bin as lg1. 
A goal in understanding quantitative trait variation is to determine the underlying molecular 
variation (Mackay, 2001). Integrating detected QTL from many independent studies through a 
meta-analysis increases the resolution of those QTL and brings us closer to determining the 
causal molecular variations. From our meta-analysis results, we identified cloned genes, lg1 and 
lg2, as candidate genes that were corroborated by other LA meta-analyses (Ku et al., 2012; Wang 
et al., 2016; Zhao et al., 2018) providing evidence to the power these methods have in detecting 
candidate genes. The recently proposed omnigenic model postulates that there are a moderate 
number of genes that directly affect a particular trait, or core genes, and any variant in the 
numerous genes that compose the highly connected cell regulatory networks can affect these 
core genes (Boyle et al., 2017). For example, genes like lg1 and lg2 may be core genes since they 
directly affect LA, and any variants in the numerous genes involved in leaf development, such as 
the other genomic bins detected in the meta-analysis, may affect the regulation or function of 
lg1, lg2, or other core genes associated with LA. 
Many candidate genes detected from the meta-analysis were maize orthologs of rice genes 
that modify LA through changes in cell size and bending in the lamina joint (Supplemental Table 
S1). While both are members of the grass family, maize and rice have slightly different leaf 
structures. In maize, the ligule and auricle are structures that separate the blade and sheath. The 
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auricle can act as a hinge, allowing the leaf to bend away from the stem and help support the 
weight of maize’s wider and heavier leaf. Loss of ligule and auricle (Becraft et al., 1990; Harper 
and Freeling, 1996), variations in the auricle size (Kong et al., 2017; Strable et al., 2017), and 
proteomic differences and changes in midrib cells (Wang et al., 2015; Strable et al., 2017) are 
known biological mechanisms that can alter maize LA. On the other hand, rice’s ligules and 
auricles are outside of the leaf and act more as appendages, and the lamina joint separates the 
blade and sheath. There are cloned rice genes that alter LA by modifying leaf bending through 
changing cell size in the lamina joint (Duan et al., 2006; Je et al., 2010; Jiang et al., 2012; Wu et 
al., 2013; Gao et al., 2014; Feng et al., 2016). Changes in cell size near the leaf collar in maize 
have been reported in near isogenic lines differing only by LA related gene CLA4 (Zhang et al., 
2014). Combined with the results of our meta-analysis results, cell size near the abaxial boundary 
between the blade and sheath near the midrib may also contribute to LA variation in maize. 
The results from our study provide additional knowledge on QTL associated with LA in the 
lower canopy and a stronger framework for determining the molecular variations underlying LA 
variation in maize. Our genetic mapping data provide evidence of QTL associated with maize 
LA variation in the second leaf below the ear. Questions remain on differentiating QTL 
controlling LA in one part of the canopy from QTL controlling LA in multiple parts. Current 
research is underway to address these remaining questions by phenotyping and genetically 
mapping LA for multiple leaves in the canopy using material developed from this study. 
Conclusion 
Understanding the genetic control of complex traits like LA involves linking observed 
phenotypic variation to regions of the genome. Our study investigated LA variation in three 
inbred lines with distinct LA architectures that represent important U.S. heterotic groups. We 
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have identified unique regions of the genome linked to LA variation, with a major effect QTL 
consistently detected on chromosome 1. Integration of these results with other reported QTL 
through a meta-analysis identified 58 regions of the genome associated with LA variation. While 
some of these regions contain genes known to affect LA in maize, other regions contain maize 
orthologs from rice genes that are associated with modifying cell size and bending in the leaf’s 
lamina joint. These could be useful regions of the genome to target for future comparative 
genomics research into identifying additional molecular variants associated with LA variation. 
Together, these results advance our knowledge about LA variation in maize to assist breeders in 
developing hybrids with a canopy-wide LA architecture that are adapted to future increases in 
planting density. 
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Figures 
 
Fig. 1. Distinct leaf angle architecture for inbred lines B73, Mo17, and PHW30. An illustration depicting leaf angle phenotypes for three different 
leaves in the canopy for B73 (left), PHW30 (middle), and Mo17 (right). The phenotyped leaf was determined as the number of leaves above or 
below the ear leaf on each plant. The second leaf below the ear leaf was phenotyped as it contrasted the most among the three parents. 
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Fig. 2. Linkage mapping of leaf angle. Logarithm of odds (LOD) plots for selected chromosomes from the inclusive interval mapping. Results for 
LA in the B73 population using selected F2 plants (A), F2:3 families (B), Mo17 population using selected F2 plants (C), and F2:3 families (D). 
Chromosomes were selected for plotting if it contained a significant QTL among all results. The horizontal red line indicates the significance 
threshold, and vertical dotted lines separate the selected chromosomes. 
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Fig. 3. Phenotyped leaves from 16 maize leaf angle studies. A representative maize plant is next to blue bars representing the leaves previous 
studies in maize phenotyped for leaf angle. Blue bars spanning more than one leaf indicates those leaves were phenotyped and the mean value 
was used for genetic mapping. Letters above blue bars relate the phenotyped leaf to the study referenced in Table 3. 
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Fig. 4. Meta-analysis of quantitative trait loci (QTL) for leaf angle in maize. The maize genome was divided into 210 genomic bins of 
approximately equal size (~10 Mb), and 325 nonredundant QTL were mapped to a genomic bin based on the physical position of the QTL 
interval midpoint. Grouped p-values were calculated for 141 genomic bins containing 325 nonredundant QTL, and the horizontal red line 
indicates the significance threshold (upper panel). Within each genomic bin, colored bars indicate the number of nonredundant QTL detected 
from phenotyping leaves in different levels of the canopy, while the total height of all the bars indicates the total number of non-redundant QTL 
detected (lower panel). 
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Tables 
Table 1. Leaf angle phenotypic values for parents, hybrids, F2, selected F2, and F2:3 plants. 
Group Leaf angle (°) ± SD No. of measurements Range angle (°) 
Parents 
    B73 63.1 ± 5.3 46 53.5–73.8 
 Mo17 54.7 ± 8.1 35 32.4–67.3 
 PHW30 73.9 ± 3.4 90 66.6–82.9 
F1 
    B73/PHW30 67.8 ± 5.4 48 53.2–76.4 
 PHW30/B73 67.9 ± 5.8 49 44.8–76.1 
 Mo17/PHW30 68.0 ± 4.4 48 58.4–76.7 
 PHW30/Mo17 66.0 ± 4.2 47 58.0–76.1 
F2 
    B73/PHW30 68.1 ± 5.6 414 39.8–80.2 
 PHW30/B73 67.6 ± 6.0 440 46.0–80.9 
 Mo17/PHW30 68.9 ± 5.5 460 44.8–81.5 
 PHW30/Mo17 67.7 ± 5.4 346 50.0–82.3 
Combined F2  
   B73 Population 67.8 ± 5.8 854 39.8–80.9 
 Mo17 Population 68.4 ± 5.5 806 44.8–82.3 
Selected F2 Groups  
   B73-Flat 56.3 ± 3.4 45 47.1–62.0 
 B73-Average 67.8 ± 1.1 36 64.6–69.3 
 B73-Upright 77.0 ± 1.3 44 74.4–79.2 
 Mo17-Flat 58.3 ± 2.7 45 50.0–62.0 
 Mo17-Average 68.5 ± 1.2 34 66.0–70.3 
 Mo17-Upright 77.7 ± 1.9 46 74.0–82.0 
F2:3  
   B73 Population 63.7 ± 5.0 123 48.1–74.0 
 Mo17 Population 55.0 ± 7.1 120 35.4–73.9 
 
Table 2. Quantitative trait loci detected across two combined populations and two generations. 
Pop. Gen. Chr. Pos. (cM) 
Physical interval 
(bp, RefGen_v3) 
LOD 
Phenotypic 
variance 
explained (%) 
Additive 
effect 
Dominance 
effect 
B73 F2 1 191.00 
275,062,657–
275,835,496 
6.25 16.60 5.19 0.03 
Mo17 F2 1 192.91 
275,843,509–
276,767,207 
4.74 10.44 3.32 −0.02 
Mo17 F2:3 1 192.91 
275,843,509–
276,767,207 
3.91 14.43 3.66 1.06 
B73 F2:3 2 159.00 
180,806,386–
182,824,212 
4.82 13.01 −2.19 1.28 
Mo17 F2 2 240.84 
227,218,624–
227,302,619 
6.03 13.29 3.60 1.16 
Mo17 F2 3 91.74 
29,175,464–
29,212,960 
7.43 17.17 4.12 −0.66 
50 
 
 
Table 2. Continued 
B73 F2:3 3 92.00 
36,470,328–
37,674,938 
4.88 13.78 2.40 0.48 
B73 F2 3 131.00 
175,591,546–
176,377,186 
3.41 8.77 3.72 0.26 
Mo17 F2 3 216.74 
215,170,248–
215,298,141 
4.95 10.99 −3.69 −0.31 
B73 F2:3 3 246.00 
225,010,933–
225,429,141 
4.46 11.54 −2.34 2.02 
Mo17 F2 4 89.00 
192,416,147–
193,325,151 
4.66 9.89 3.68 1.40 
B73 F2 8 39.00 
102,435,103–
102,836,776 
3.04 7.54 1.41 4.77 
 
Table 3. Leaf angle quantitative trait loci (QTL) studies in maize. 
Source No. of 
populations 
Population 
size 
No. of 
QTL 
Leaves measured Canopy 
level 
Fig. 3 
reference 
Mickelson et al., 
2002 
1 180 10 Average of all leaves 
above ear leaf 
Mid-upper B 
Yu et al., 2006 2 120; 114 9 Third leaf below flag 
leaf 
Upper H 
Lu et al., 2007 1 397 6 Average of first 
through third leaf 
above ear leaf 
Mid-upper D 
Ku et al., 2010 1 229 3 Average of first leaf 
above ear leaf, ear 
leaf, and first leaf 
below ear leaf 
Middle E 
Tian et al., 2011 25 ~195 each 30 One leaf below flag 
leaf 
Upper G 
Ku et al., 2012 1 256 5 Average of first leaf 
above ear leaf, ear 
leaf, and first leaf 
below ear leaf 
Middle E 
Wassom, 2013 1 93 3 Ear leaf Middle K 
Liu et al., 2014 1 144 5 Third leaf above ear 
leaf 
Mid-upper H 
   5 Second leaf above ear 
leaf 
Mid-upper I 
Potts, 2014 9 ~35 each 12 Third leaf below flag 
leaf 
Middle H 
Chen et al., 2015 1 144 5 Second leaf above ear 
leaf 
Mid-upper I 
   6 Third leaf above ear 
leaf 
Mid-upper H 
Ding et al., 2015 1 305 14 Average of first 
through fourth leaf 
above ear leaf 
Upper C 
Hou et al., 2015 1 266 14 First leaf above ear 
leaf 
Middle J 
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Table 3. Continued 
Li et al., 2015 3 183; 172; 
183 
17 Average of first leaf 
above ear leaf, ear 
leaf, and first leaf 
below ear leaf 
Middle E 
Chang et al.,2016 1 150 17 First leaf above ear 
leaf 
Middle J 
   19 Ear leaf Middle K 
   16 First leaf below ear 
leaf 
Middle L 
Ku et al., 2016 4 215; 208; 
212; 223 
21 Average of first 
through fourth leaf 
above ear leaf 
Upper C 
Pan et al., 2017 10 ~188 each 149 First leaf above ear 
leaf 
Middle J 
Wang et al., 2017 1 220 17 Ear leaf Middle K 
Zhang et al., 2017 1 196 24 Average of all leaves 
in canopy 
All A 
   19 Average of all leaves 
above ear 
Mid-upper B 
   24 Average of all leaves 
below ear 
Mid-lower F 
Zhao et al., 2018 2 202;218 33 Ear leaf Middle K 
This study 2 125;125 12 Second leaf below ear 
leaf 
Lower L 
 
Table 4. Candidate genes identified in the 15 prominent genomic bins from the meta-analysis using the 
nonredundant set of reported quantitative trait loci (QTL). 
Rank Chromosome 
Genomic 
bin 
No. of 
QTL 
Grouped p-
value 
Candidate 
genes Species 
Maize gene model 
1 2 1 12 5.40 × 10−56 lg1 Maize GRMZM2G036297 
2 1 3 10 2.14 × 10−44 drl1 Maize GRMZM2G088309 
3 2 2 6 1.20 × 10−25 RAVL1 Rice GRMZM2G102059 
4 7 14 6 2.83 × 10−25 – – – 
5 3 18 3 1.33 × 10−23 lg2 Maize GRMZM2G060216 
6 10 15 6 3.09 × 10−23 OsLG1 Rice GRMZM2G058588 
7 4 13 1 1.30 × 10−22 – – – 
8 1 2 6 1.02 × 10−21 OsMDP1 Rice GRMZM2G059102 
9 7 13 5 1.09 × 10−21 – – – 
10 8 17 5 1.57 × 10−21 lrs1 Maize AC232238.2_FG004 
11 9 15 4 4.47 × 10−21 
LPA1 Rice GRMZM2G074032 
drl2 Maize GRMZM2G102218 
12 5 18 6 4.95 × 10−21 – – – 
13 1 4 5 1.40 × 10−19 
LPA1 Rice GRMZM2G465595 
pmk1 Maize GRMZM2G019260 
DWF4 Maize GRMZM2G065635 
14 3 3 4 8.58 × 10−19 – – – 
15 10 2 3 8.26 × 10−18 – – – 
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Supplemental Figures 
Supplemental Fig. S1. Histograms of phenotypic values for LA across the F2 and F2:3 generation for the B73 and Mo17 populations.  
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Supplemental Fig. S2. Linkage mapping compared with single marker scan results for LA. Scans were done with the uncorrected genotypic data 
for LA across B73 population using selected F2 plants (A), F2:3 families (B), Mo17 population using selected F2 plants (C), and F2:3 families (D). 
Top sections represent the linkage mapping results, while the bottom sections represent the single marker scan results. 
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Supplemental Tables 
Supplemental Table S1. List of candidate genes known to affect LA from maize, rice, and sorghum, and the corresponding maize gene model. 
Gene Name Species Maize Gene Model Chr. 
Physical 
Position (bp) 
Genomic 
Bin 
Source (DOI if available) 
rld2 Maize GRMZM2G042250 1 
2791599-
2798485 1 
Nelson et al., 2002 
OsMDP1 Rice GRMZM2G059102  1 
17964695-
17986258 2 
10.1111/j.1365-313X.2006.02804.x 
drl1 Maize GRMZM2G088309 1 
26576546-
26581704 3 
10.1105/tpc.16.00477 
ZmDWF4/b
rs1 Maize GRMZM2G065635 1 
30536470-
30542652 4 
10.1007/s00299-007-0418-4 
LPA1 Rice GRMZM2G465595 1 
31769080-
31772988 4 
10.1104/pp.112.208496 
pmk1 Maize GRMZM2G019260 1 
34940742-
34950638 4 
MaizeGDB 
phyB1 Maize GRMZM2G124532 1 
50023180-
50034523 6 
10.1534/genetics.103.026096 
OsAGO7 Rice GRMZM5G892991 1 
75636094-
75640439 8 
10.1007/s00425-006-0472-0 
br2 Maize GRMZM2G315375 1 
202334824-
202342008 21 
10.1126/science.1086072 
SLG Rice GRMZM2G179703 1 
202955872-
202958418 21 
10.1093/jxb/erw204 
OsSPY Rice GRMZM2G357804  1 
204686877-
204692903 21 
10.1111/j.1365-313X.2006.02875.x 
ZmKAN1 Maize GRMZM2G056400 1 
215657189-
215662587 22 
10.1105/tpc.108.059709 
BRD1 Maize GRMZM2G103773 1 
249371977-
249376239 25 
10.1371/journal.pone.0030798 
bhlh43 Maize GRMZM2G165042 1 
252434109-
252437685 26 
10.1093/jxb/erw217 
phyA1 Maize GRMZM2G157727 1 
269388274-
269395277 27 
10.1534/genetics.103.026096 
phyC1 Maize GRMZM2G057935 1 
277059620-
277064623 28 
10.1534/genetics.103.026096 
bhlh47 Maize GRMZM2G065374 1 
283670986-
283676031 29 
10.1093/jxb/erw217 
lg1 Maize GRMZM2G036297 2 
4265163-
4268840 1 
10.1101/gad.11.5.616 
RAVL1 Rice GRMZM2G102059 2 
15033794-
15035837 2 
10.1105/tpc.109.069575 
nal2 Rice GRMZM2G069028 2 
143166134-
143167976 15 
10.1104/pp.107.095737 
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Supplemental Table S1. Continued 
OsBUL1 Rice GRMZM2G178182 2 
193433358-
193435869 20 
10.1104/pp.16.01653 
ila Rice GRMZM2G459854 2 
197513532-
197522726 20 
10.1105/tpc.111.093419 
SAUR39 Rice GRMZM2G156470 2 
197747108-
197747732 20 
10.1104/pp.109.143875 
ZmTAC1 Maize GRMZM2G447987 2 
221523580-
221528269 23 
10.1371/journal.pone.0020621 
GH3-
2/tld1-D Rice GRMZM2G410567 2 
224301336-
224307757 23 
10.1104/pp.109.146803 
OsMADS15 Rice GRMZM2G148693 2 
236669675-
236679078 24 
10.1007/s11105-012-0468-9 
D2/ 
CYP90D2 Rice GRMZM2G143235 3 
5581450-
5586286 1 
10.1105/tpc.014712 
OsIAA1 Rice GRMZM2G004696  3 
10076687-
10080041 2 
10.1007/s11103-009-9474-1 
bhlh68 Maize GRMZM2G115960 3 
48806991-
48810673 5 
10.1093/jxb/erw217 
lg3 Maize GRMZM2G087741 3 
53883227-
53893066 6 
10.1104/pp.119.2.651 
RDR6 Maize GRMZM2G082437 3 
102502867-
102504039 11 
10.1105/tpc.15.00194 
lg2 Maize GRMZM2G060216 3 
176845304-
176853978 18 
10.1101/gad.12.2.208 
LAX Rice GRMZM2G397518 3 
183139911-
183140880 19 
10.1073/pnas.1932414100 
LC1 Rice GRMZM2G061515 3 
190144123-
190146565 20 
10.1093/mp/sss064 
ZMCLA4 Maize GRMZM2G135019 4 
18000248-
18006785 2 
10.1093/jxb/eru271 
ZmKAN3 Maize GRMZM2G175827 4 
80099618-
80112468 9 
10.1105/tpc.108.059709 
Rav6 Rice GRMZM2G042101 4 
181930597-
181931947 19 
10.1104/pp.15.00836 
bhlh60 Maize GRMZM2G016756 5 
5102185-
5106027 1 
10.1073/pnas.1207324109 
phyC2 Maize GRMZM2G129889 5 
7129937-
7134953 1 
10.1534/genetics.103.026096 
phyA2 Maize GRMZM2G181028 5 
10111505-
10117216 2 
10.1534/genetics.103.026096 
yabby9 Maize GRMZM2G074543 5 
23592937-
23597115 3 
10.1242/dev.01328 
OsLIC Rice GRMZM2G089050 5 
58232976-
58237550 6 
10.1371/journal.pone.0003521 
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Supplemental Table S1. Continued 
NA2 Maize GRMZM2G057000 5 
65138723-
65143833 7 
10.1104/pp.16.00399 
LC2 Rice GRMZM2G425774 5 
80865001-
80872278 9 
10.1038/cr.2010.109 
knox6 Maize GRMZM2G370332 5 
94481651-
94484795 10 
10.1105/tpc.6.12.1877 
yabby15 Maize GRMZM2G529859 5 
189249294-
189252175 19 
10.1242/dev.01328 
OsHAP3E Rice GRMZM2G011789  5 
204386830-
204388007 21 
10.1016/j.plantsci.2011.04.009 
dw1 Sorghum GRMZM2G159547 5 
208398128-
208399748 21 
10.1371/journal.pone.0151271 
OsMADS55 Rice GRMZM2G046885 5 
209573312-
209581383 21 
10.1111/j.1365-313X.2008.03406.x 
SGL1 
Rice GRMZM2G163776 5 
209780883-
209782059 21 
10.1104/pp.111.187567 
rgd1 Maize GRMZM2G020187 6 
17165517-
17171948 2 
10.1101/gad.1528607 
JMJ703 Rice GRMZM2G156910 6 
116655146-
116661337 12 
10.1073/pnas.1217020110 
dil1 Maize GRMZM2G013657 6 
143487859-
143494583 15 
10.1371/journal.pone.0037040 
supPhyA Rice GRMZM2G145556 6 
165593302-
165602395 17 
Predicted Function in Rice 
mwp1 Maize GRMZM2G082264 7 
107261176-
107267703 11 
10.1105/tpc.108.059709 
OsBZR1 Rice GRMZM2G102514 7 
160551419-
160553078 17 
10.1073/pnas.0706386104 
pif3 Maize GRMZM2G387528 8 935667-938714 1 10.1093/jxb/erw217 
supPhyA Rice GRMZM2G020291 8 
71691764-
71699452 8 
Predicted Function in Rice 
lg4 Maize GRMZM2G094241 8 
130383323-
130388889 14 
10.1105/tpc.6.12.1877 
OsBRI1 Rice GRMZM2G048294 8 
154615633-
154619705 16 
10.1105/tpc.12.9.1591 
lrs1 Maize AC232238.2_FG004 8 
166341735-
166349613 17 
10.1534/genetics.166.2.935 
OsPIN2 Rice GRMZM2G098643 9 
3650989-
3654397 1 
10.1111/j.1467-7652.2011.00637.x 
SOL1 Rice GRMZM2G405203 9 
18894557-
18897788 2 
10.1073/pnas.1411859111 
ZmBrc1 Maize AC234164.1_FG004 9 
24972213-
24974672 3 
https://search.proquest.com/docview/90
0869229?accountid=10906 
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OsGSR1 Rice GRMZM2G105364 9 
32910946-
32912670 4 
10.1111/j.1365-313X.2008.03707.x 
LGN-R Maize GRMZM2G134382 9 
47658297-
47660713 5 
10.1534/g3.114.014183 
knox2 Maize GRMZM2G055243 9 
93868786-
93877183 10 
10.1105/tpc.6.12.1877 
phyB2 Maize GRMZM2G092174 9 
135245567-
135251882 14 
10.1534/genetics.103.026096 
LPA1 Rice GRMZM2G074032 9 
144292832-
144296553 15 
10.1104/pp.112.208496 
drl2 Maize GRMZM2G102218 9 
146951299-
146956590 15 
10.1105/tpc.16.00477 
Rld1 Maize GRMZM2G109987 9 
154912262-
154920527 16 
10.1242/dev.01328 
OsBAK Rice GRMZM2G384439 10 
71477986-
71484046 8 
10.1111/j.1467-7652.2009.00444.x 
yabby14 Maize GRMZM2G005353 10 
133133767-
133136401 14 
10.1242/dev.01328 
XIAO Rice GRMZM2G016477 10 
136139046-
136143214 14 
10.1111/j.1365-313X.2011.04877.x 
OsLG1 Rice GRMZM2G058588 10 
145726895-
145730461 15 
10.1007/s11103-007-9196-1 
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Supplemental Table S2. Summary of the parents the 20 studies used to develop genetic mapping populations. 
Parent Number Parent Source 
Numbers of times used 
by source 
Total number of 
times used 
1 B73 Mickelson et al.,2002 1 32 
  
Pan et al.,2017 1 
 
  
Potts,2014 2 
 
  
This Study 1 
 
  
Tian et al.,2011 25 
 
  
Wassom,2013 1 
 
  
Zhang et al.,2017 1 
 
2 Yu87-1 Ku et al.,2012 1 5 
  
Ku et al.,2016 2 
 
  
Pan et al.,2017 2 
 
3 Mo17 Mickelson et al.,2002 1 4 
  
This Study 1 
 
  
Wassom,2013 1 
 
  
Yu et al.,2006 1 
 
4 Yu82 Ku et al.,2010 1 4 
  
Ku et al.,2012 1 
 
  
Ku et al.,2016 2 
 
5 BY815 Pan et al.,2017 3 3 
6 HUANGZAOSI Li et al.,2015 3 3 
7 K22 Pan et al.,2017 3 3 
8 Shen137 Ku et al.,2010 1 3 
  
Ku et al.,2016 2 
 
9 CY5 Chen et al.,2015 1 2 
  
Liu et al.,2014 1 
 
10 DAN340 Lu et al.,2007 1 2 
  
Pan et al.,2017 1 
 
11 KUI3 Pan et al.,2017 2 2 
12 LH82 Potts,2014 2 2 
13 PHG39 Potts,2014 2 2 
14 PHG47 Potts,2014 2 2 
15 PHG84 Potts,2014 2 2 
16 PHJ40 Potts,2014 2 2 
17 PHW30 This Study 2 2 
18 Ye478 Hou et al.,2015 1 2 
  
Lu et al.,2007 1 
 
19 YL106 Chen et al.,2015 1 2 
  
Liu et al.,2014 1 
 
20 Zheng58 Pan et al.,2017 1 2 
  
Wang et al.,2017 1 
 
21 Zong3 Ku et al.,2016 1 2 
  
Pan et al.,2017 1 
 
22 A188 Ding et al.,2015 1 1 
23 B77 Pan et al.,2017 1 1 
24 B97 Tian et al.,2011 1 1 
25 BK Pan et al.,2017 1 1 
26 BY803 Pan et al.,2017 1 1 
27 BY804 Zhang et al.,2017 1 1 
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Supplemental Table S2. Continued 
28 C17 Pan et al.,2017 1 1 
29 Chang7-2 Zhao et al.,2018 1 1 
30 CML103 Tian et al.,2011 1 1 
31 CML228 Tian et al.,2011 1 1 
32 CML247 Tian et al.,2011 1 1 
33 CML277 Tian et al.,2011 1 1 
34 CML322 Tian et al.,2011 1 1 
35 CML333 Tian et al.,2011 1 1 
36 CML52 Tian et al.,2011 1 1 
37 CML69 Tian et al.,2011 1 1 
38 D72 Ding et al.,2015 1 1 
39 D726 Ding et al.,2015 1 1 
40 DE3 Pan et al.,2017 1 1 
41 H21 Yu et al.,2006 1 1 
42 HD568 Wang et al.,2017 1 1 
43 HP301 Tian et al.,2011 1 1 
44 HUOBAI Li et al.,2015 1 1 
45 Il14H Tian et al.,2011 1 1 
46 Jiao51 Ding et al.,2015 1 1 
47 K12 Chang et al.,2016 1 1 
48 K36 Yu et al.,2006 1 1 
49 Ki11 Tian et al.,2011 1 1 
50 Ki3 Tian et al.,2011 1 1 
51 Ky21 Tian et al.,2011 1 1 
52 Langhuang Zhao et al.,2018 1 1 
53 LV28 Li et al.,2015 1 1 
54 M162W Tian et al.,2011 1 1 
55 M37W Tian et al.,2011 1 1 
56 Mo18W Tian et al.,2011 1 1 
57 Ms71 Tian et al.,2011 1 1 
58 NC350 Tian et al.,2011 1 1 
59 NC358 Tian et al.,2011 1 1 
60 Oh43 Tian et al.,2011 1 1 
61 Oh7B Tian et al.,2011 1 1 
62 P39 Tian et al.,2011 1 1 
63 R08 Hou et al.,2015 1 1 
64 SK Pan et al.,2017 1 1 
65 TS141 Zhao et al.,2018 1 1 
66 Tx303 Tian et al.,2011 1 1 
67 Tzi8 Tian et al.,2011 1 1 
68 WEIFENG322 Li et al.,2015 1 1 
69 Xu178 Chang et al.,2016 1 1 
70 Yu537A Ku et al.,2016 1 1 
71 Zi330 Yu et al.,2006 1 1 
    Total 133   
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0
 
Supplemental Table S3. Summary of the 495 reported QTL reported from 20 studies including the present study. 
This table is available in a supplemental file entitled Dzievit_Supplement_Tables.xlsx 
Supplemental Table S4. Details about the 58 genomic bins, candidate genes, and reported QTL linked to LA variation detected from the meta-analysis. 
Rank Chromosome 
Genomic 
Bin 
Grouped p 
value 
Gene Name Species Maize Gene Model QTL ID Source Canopy Level 
1 2 1 5.40E-56 lg1 Maize GRMZM2G036297 2 Mickelson et al.,2002 3 
       
22 Lu et al.,2007 3 
       
34 Tian et al.,2011 2 
       
70 Liu et al.,2014 3 
       
75 Liu et al.,2014 3 
       
91 Chen et al.,2015 3 
       
96 Chen et al.,2015 3 
       
103 Ding et al.,2015 3 
       
104 Ding et al.,2015 3 
       
118 Hou et al.,2015 4 
       
119 Hou et al.,2015 4 
       
132 Li et al.,2015 4 
       
247 Pan et al.,2017 4 
       
248 Pan et al.,2017 4 
       
249 Pan et al.,2017 4 
       
250 Pan et al.,2017 4 
       
251 Pan et al.,2017 4 
       
252 Pan et al.,2017 4 
       
253 Pan et al.,2017 4 
       
370 Wang et al.,2017 4 
       
371 Wang et al.,2017 4 
       
372 Wang et al.,2017 4 
       
407 Zhang et al.,2017 5 
       
432 Zhang et al.,2017 1 
       
460 Zhao et al.,2018 4 
       
461 Zhao et al.,2018 4 
       
462 Zhao et al.,2018 4 
       
463 Zhao et al.,2018 4 
2 1 3 2.14E-44 drl1 Maize GRMZM2G088309 26 Ku et al.,2010 4 
       
29 Tian et al.,2011 2 
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67 Liu et al.,2014 3 
       
68 Liu et al.,2014 3 
       
69 Liu et al.,2014 3 
       
72 Liu et al.,2014 3 
       
73 Liu et al.,2014 3 
       
74 Liu et al.,2014 3 
       
78 Potts,2014 3 
       
89 Chen et al.,2015 3 
       
94 Chen et al.,2015 3 
       
115 Hou et al.,2015 4 
       
218 Pan et al.,2017 4 
       
219 Pan et al.,2017 4 
       
220 Pan et al.,2017 4 
       
221 Pan et al.,2017 4 
       
367 Wang et al.,2017 4 
       
368 Wang et al.,2017 4 
       
369 Wang et al.,2017 4 
       
427 Zhang et al.,2017 1 
       
451 Zhao et al.,2018 4 
3 2 2 1.20E-25 RAVL1 Rice GRMZM2G102059 3 Mickelson et al.,2002 3 
       
13 Yu et al.,2006 3 
       
35 Tian et al.,2011 2 
       
133 Li et al.,2015 4 
       
254 Pan et al.,2017 4 
       
255 Pan et al.,2017 4 
       
256 Pan et al.,2017 4 
       
257 Pan et al.,2017 4 
       
258 Pan et al.,2017 4 
       
259 Pan et al.,2017 4 
       
260 Pan et al.,2017 4 
       
408 Zhang et al.,2017 5 
       
433 Zhang et al.,2017 1 
       
434 Zhang et al.,2017 1 
4 7 14 2.83E-25 NA NA NA 49 Tian et al.,2011 2 
       
109 Ding et al.,2015 3 
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156 Chang et al.,2016 4 
       
172 Chang et al.,2016 4 
       
212 Ku et al.,2016 3 
       
305 Pan et al.,2017 4 
       
306 Pan et al.,2017 4 
       
307 Pan et al.,2017 4 
       
308 Pan et al.,2017 4 
       
309 Pan et al.,2017 4 
       
310 Pan et al.,2017 4 
       
311 Pan et al.,2017 4 
       
312 Pan et al.,2017 4 
       
313 Pan et al.,2017 4 
       
397 Zhang et al.,2017 3 
       
420 Zhang et al.,2017 5 
       
444 Zhang et al.,2017 1 
5 3 18 1.33E-23 lg2 Maize GRMZM2G060216 39 Tian et al.,2011 2 
       
149 Chang et al.,2016 4 
       
491 This_Study 6 
6 10 15 3.09E-23 OsLG1 Rice GRMZM2G058588 18 Yu et al.,2006 3 
       
19 Yu et al.,2006 3 
       
58 Tian et al.,2011 2 
       
144 Li et al.,2015 4 
       
217 Ku et al.,2016 3 
       
383 Wang et al.,2017 4 
       
426 Zhang et al.,2017 5 
       
450 Zhang et al.,2017 1 
7 4 13 1.30E-22       41 Tian et al.,2011 2 
8 1 2 1.02E-21 OsMDP1 Rice GRMZM2G059102  11 Yu et al.,2006 3 
       
20 Lu et al.,2007 3 
       
100 Ding et al.,2015 3 
       
128 Li et al.,2015 4 
       
197 Ku et al.,2016 3 
       
384 Zhang et al.,2017 3 
9 7 13 1.09E-21       87 Potts,2014 3 
 
 
 6
3
 
Supplemental Table S4. Continued 
       
138 Li et al.,2015 4 
       
303 Pan et al.,2017 4 
       
304 Pan et al.,2017 4 
       
380 Wang et al.,2017 4 
       
381 Wang et al.,2017 4 
       
382 Wang et al.,2017 4 
       
416 Zhang et al.,2017 5 
       
417 Zhang et al.,2017 5 
       
418 Zhang et al.,2017 5 
       
419 Zhang et al.,2017 5 
10 8 17 1.57E-21 lrs1 Maize AC232238.2_FG004 112 Ding et al.,2015 3 
       
140 Li et al.,2015 4 
       
194 Chang et al.,2016 4 
       
343 Pan et al.,2017 4 
       
344 Pan et al.,2017 4 
       
345 Pan et al.,2017 4 
       
346 Pan et al.,2017 4 
       
347 Pan et al.,2017 4 
       
348 Pan et al.,2017 4 
       
423 Zhang et al.,2017 5 
       
447 Zhang et al.,2017 1 
11 9 15 4.47E-21 LPA1 Rice GRMZM2G074032 56 Tian et al.,2011 2 
    
drl2 Maize GRMZM2G102218 143 Li et al.,2015 4 
       
160 Chang et al.,2016 4 
       
354 Pan et al.,2017 4 
       
355 Pan et al.,2017 4 
       
356 Pan et al.,2017 4 
       
357 Pan et al.,2017 4 
       
358 Pan et al.,2017 4 
12 5 18 4.95E-21       71 Liu et al.,2014 3 
       
85 Potts,2014 3 
       
97 Chen et al.,2015 3 
       
376 Wang et al.,2017 4 
       
377 Wang et al.,2017 4 
       
412 Zhang et al.,2017 5 
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442 Zhang et al.,2017 1 
       
467 Zhao et al.,2018 4 
13 1 4 1.40E-19 LPA1 Rice GRMZM2G465595 90 Chen et al.,2015 3 
    
pmk1 Maize GRMZM2G019260 95 Chen et al.,2015 3 
    
DWF4 Maize GRMZM2G065635 116 Hou et al.,2015 4 
       
181 Chang et al.,2016 4 
       
182 Chang et al.,2016 4 
       
183 Chang et al.,2016 4 
       
184 Chang et al.,2016 4 
       
198 Ku et al.,2016 3 
       
222 Pan et al.,2017 4 
       
223 Pan et al.,2017 4 
14 3 3 8.58E-19       14 Yu et al.,2006 3 
       
37 Tian et al.,2011 2 
       
79 Potts,2014 3 
       
489 This_Study 6 
15 10 2 8.26E-18       98 Chen et al.,2015 3 
       
360 Pan et al.,2017 4 
       
402 Zhang et al.,2017 3 
16 10 9 2.31E-17       57 Tian et al.,2011 2 
       
99 Chen et al.,2015 3 
       
361 Pan et al.,2017 4 
       
362 Pan et al.,2017 4 
       
363 Pan et al.,2017 4 
17 5 20 1.14E-16       7 Mickelson et al.,2002 3 
       
47 Tian et al.,2011 2 
       
290 Pan et al.,2017 4 
       
291 Pan et al.,2017 4 
       
414 Zhang et al.,2017 5 
18 7 1 1.15E-16       9 Mickelson et al.,2002 3 
       
170 Chang et al.,2016 4 
       
472 Zhao et al.,2018 4 
       
473 Zhao et al.,2018 4 
       
474 Zhao et al.,2018 4 
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Supplemental Table S4. Continued 
       
475 Zhao et al.,2018 4 
       
476 Zhao et al.,2018 4 
       
477 Zhao et al.,2018 4 
       
478 Zhao et al.,2018 4 
19 5 19 4.05E-16 yabby15 Maize GRMZM2G529859 25 Lu et al.,2007 3 
       
378 Wang et al.,2017 4 
       
393 Zhang et al.,2017 3 
       
413 Zhang et al.,2017 5 
       
468 Zhao et al.,2018 4 
       
469 Zhao et al.,2018 4 
20 5 22 8.77E-16       125 Hou et al.,2015 4 
       
190 Chang et al.,2016 4 
       
191 Chang et al.,2016 4 
       
192 Chang et al.,2016 4 
       
293 Pan et al.,2017 4 
       
415 Zhang et al.,2017 5 
       
443 Zhang et al.,2017 1 
21 1 7 1.89E-15       59 Ku et al.,2012 4 
       
129 Li et al.,2015 4 
       
403 Zhang et al.,2017 5 
       
404 Zhang et al.,2017 5 
       
405 Zhang et al.,2017 5 
       
428 Zhang et al.,2017 1 
22 8 16 2.34E-15 OsBRI1 Rice GRMZM2G048294 54 Tian et al.,2011 2 
       
334 Pan et al.,2017 4 
       
335 Pan et al.,2017 4 
       
336 Pan et al.,2017 4 
       
337 Pan et al.,2017 4 
       
338 Pan et al.,2017 4 
       
339 Pan et al.,2017 4 
       
340 Pan et al.,2017 4 
       
341 Pan et al.,2017 4 
       
342 Pan et al.,2017 4 
       
446 Zhang et al.,2017 1 
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23 9 11 2.40E-15       55 Tian et al.,2011 2 
       
215 Ku et al.,2016 3 
       
352 Pan et al.,2017 4 
24 7 17 5.14E-15 OsBZR1 Rice GRMZM2G102514 50 Tian et al.,2011 2 
       
110 Ding et al.,2015 3 
       
213 Ku et al.,2016 3 
       
321 Pan et al.,2017 4 
       
322 Pan et al.,2017 4 
25 3 1 6.43E-15 
D2/ 
CYP90D2 
Rice GRMZM2G143235 76 Liu et al.,2014 3 
       
92 Chen et al.,2015 3 
       
120 Hou et al.,2015 4 
       
121 Hou et al.,2015 4 
       
134 Li et al.,2015 4 
26 3 9 9.75E-15       23 Lu et al.,2007 3 
       
61 Ku et al.,2012 4 
       
187 Chang et al.,2016 4 
       
204 Ku et al.,2016 3 
27 4 19 1.00E-14 Rav6 Rice GRMZM2G042101 4 Mickelson et al.,2002 3 
       
167 Chang et al.,2016 4 
       
208 Ku et al.,2016 3 
       
275 Pan et al.,2017 4 
       
276 Pan et al.,2017 4 
       
277 Pan et al.,2017 4 
       
439 Zhang et al.,2017 1 
28 1 26 1.14E-14 bhlh43 Maize GRMZM2G165042 32 Tian et al.,2011 2 
       
406 Zhang et al.,2017 5 
       
455 Zhao et al.,2018 4 
       
456 Zhao et al.,2018 4 
       
457 Zhao et al.,2018 4 
       
458 Zhao et al.,2018 4 
       
459 Zhao et al.,2018 4 
29 4 16 1.51E-14       106 Ding et al.,2015 3 
30 8 10 1.84E-14 
   
52 Tian et al.,2011 2 
       
399 Zhang et al.,2017 3 
 
 
 6
7
 
Supplemental Table S4. Continued 
       
483 Zhao et al.,2018 4 
31 5 4 1.90E-14       45 Tian et al.,2011 2 
       
375 Wang et al.,2017 4 
       
441 Zhang et al.,2017 1 
32 1 24 3.34E-14       31 Tian et al.,2011 2 
       
102 Ding et al.,2015 3 
       
429 Zhang et al.,2017 1 
33 7 4 2.77E-13       10 Mickelson et al.,2002 3 
34 1 20 2.87E-13       130 Li et al.,2015 4 
       
238 Pan et al.,2017 4 
       
239 Pan et al.,2017 4 
       
240 Pan et al.,2017 4 
       
385 Zhang et al.,2017 3 
35 6 10 3.34E-13       48 Tian et al.,2011 2 
       
136 Li et al.,2015 4 
36 5 1 3.56E-13 bhlh60 Maize GRMZM2G016756 44 Tian et al.,2011 2 
    
phyC2 Maize GRMZM2G129889 283 Pan et al.,2017 4 
       
284 Pan et al.,2017 4 
       
411 Zhang et al.,2017 5 
37 7 16 4.05E-13       88 Potts,2014 3 
       
139 Li et al.,2015 4 
       
318 Pan et al.,2017 4 
       
319 Pan et al.,2017 4 
       
320 Pan et al.,2017 4 
38 1 29 4.14E-13 bhlh47 Maize GRMZM2G065374 1 Mickelson et al.,2002 3 
       
33 Tian et al.,2011 2 
       
244 Pan et al.,2017 4 
       
245 Pan et al.,2017 4 
       
246 Pan et al.,2017 4 
39 2 3 4.55E-13       60 Ku et al.,2012 4 
       
202 Ku et al.,2016 3 
       
261 Pan et al.,2017 4 
40 5 16 1.31E-12       108 Ding et al.,2015 3 
41 4 18 1.47E-12       42 Tian et al.,2011 2 
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107 Ding et al.,2015 3 
       
207 Ku et al.,2016 3 
42 5 9 1.63E-12 LC2 Rice GRMZM2G425774 84 Potts,2014 3 
       
93 Chen et al.,2015 3 
       
135 Li et al.,2015 4 
       
392 Zhang et al.,2017 3 
43 9 1 1.66E-12 OsPIN2 Rice GRMZM2G098643 66 Wassom,2013 4 
       
179 Chang et al.,2016 4 
       
180 Chang et al.,2016 4 
       
195 Chang et al.,2016 4 
       
424 Zhang et al.,2017 5 
44 5 21 2.76E-12 OsHAP3E Rice GRMZM2G011789  86 Potts,2014 3 
    
dw1 Sorghum GRMZM2G159547 124 Hou et al.,2015 4 
    
OsMADS55 Rice GRMZM2G046885 210 Ku et al.,2016 3 
    
SGL1 Rice GRMZM2G163776 292 Pan et al.,2017 4 
45 6 17 2.86E-12 supPhyA Rice GRMZM2G145556 211 Ku et al.,2016 3 
       
300 Pan et al.,2017 4 
       
301 Pan et al.,2017 4 
       
302 Pan et al.,2017 4 
       
379 Wang et al.,2017 4 
46 10 4 7.62E-12       216 Ku et al.,2016 3 
47 3 19 1.52E-11 LAX Rice GRMZM2G397518 24 Lu et al.,2007 3 
       
206 Ku et al.,2016 3 
48 3 16 2.22E-11       38 Tian et al.,2011 2 
       
148 Chang et al.,2016 4 
49 9 2 2.49E-11 SOL1 Rice GRMZM2G405203 113 Ding et al.,2015 3 
       
196 Chang et al.,2016 4 
       
349 Pan et al.,2017 4 
50 4 20 2.52E-11       440 Zhang et al.,2017 1 
       
465 Zhao et al.,2018 4 
       
466 Zhao et al.,2018 4 
       
494 This_Study 6 
51 5 3 2.68E-11 yabby9 Maize GRMZM2G074543 5 Mickelson et al.,2002 3 
       
6 Mickelson et al.,2002 3 
 
 
 6
9
 
Supplemental Table S4. Continued 
       
287 Pan et al.,2017 4 
52 1 27 3.10E-11 phyA1 Maize GRMZM2G157727 21 Lu et al.,2007 3 
       
386 Zhang et al.,2017 3 
       
387 Zhang et al.,2017 3 
53 2 5 3.36E-11       105 Ding et al.,2015 3 
54 3 23 3.91E-11       40 Tian et al.,2011 2 
       
270 Pan et al.,2017 4 
       
271 Pan et al.,2017 4 
       
493 This_Study 6 
55 1 9 4.90E-11       230 Pan et al.,2017 4 
       
231 Pan et al.,2017 4 
       
232 Pan et al.,2017 4 
       
233 Pan et al.,2017 4 
56 4 24 5.60E-11       43 Tian et al.,2011 2 
       
123 Hou et al.,2015 4 
       
279 Pan et al.,2017 4 
57 8 1 5.66E-11 pif3 Maize GRMZM2G387528 158 Chang et al.,2016 4 
       
159 Chang et al.,2016 4 
       
193 Chang et al.,2016 4 
       
323 Pan et al.,2017 4 
       
324 Pan et al.,2017 4 
       
325 Pan et al.,2017 4 
       
398 Zhang et al.,2017 3 
58 1 18 5.75E-11       30 Tian et al.,2011 2 
              201 Ku et al.,2016 3 
Data and Code Availability 
Data and code used in this study was uploaded in an online public repository: https://github.com/mdzievit/Meta_QTL-LA-Mapping-
Paper 
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CHAPTER THREE: GENETIC MAPPING FOR DYNAMIC CONTROL OF LEAF 
ANGLE ACROSS MULTIPLE CANOPY LEVELS IN MAIZE 
Abstract 
 Optimizing leaf angle and other canopy architecture traits has helped modern maize (Zea 
mays L.) become adapted to higher planting densities over the last 60 years. Traditional 
investigations into leaf angle’s genetic control have focused on one leaf or the average of 
multiple leaves; as a result, our understanding of leaf angle’s genetic control across multiple 
canopy levels is still limited. To address this, genetic mapping across four canopy levels was 
conducted in the present study to investigate the genetic control of leaf angle across the canopy. 
We developed doubled haploid lines for two populations from previously selected F2 lines with 
different leaf angle phenotypes. These populations were genotyped with genotyping-by-
sequencing and phenotyped for leaf angle in four different canopy levels over multiple years. To 
understand how leaf angle changes across the canopy, the four measurements were used in a 
linear regression based on their position within the canopy. Three traits were derived from this 
modelling and were combined with the four canopy levels to conduct composite interval 
mapping. A set of 59 quantitative trait loci (QTL) were uncovered across all seven traits, and two 
consistent QTL were detected across multiple canopy levels. Additionally, developmental 
reaction norms revealed QTL with either stable or dynamic effects at different positions within 
the canopy. Prioritizing selection of QTL with dynamic effects across the canopy will aid 
breeders in selecting maize varieties with the ideal canopy architecture that continues 
maximizing yield on a per area basis under increasing planting densities. 
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Introduction 
 With dwindling amounts of arable land and a growing human population, it is crucial that 
more food is produced on the same amount of land. Over the last 60 years, maize breeders have 
developed hybrids that continually maximize the amount of yield per unit of land by maintaining 
constant yield per plant under high planting density stresses. Canopy architecture traits like leaf 
angle and tassel size have changed during this time as modern hybrids have upright leaf angles 
and smaller tassels (Duvick et al., 2004). Prior research has established a strong link with this 
type of canopy architecture and increased light interception and grain yield (Duncan et al., 
1967b; Duncan, 1971; Lambert and Johnson, 1978; Duvick et al., 2004; Wang et al., 2011; Ma et 
al., 2014). Under high planting densities, these traits improve and equalize spatial light 
distribution across the canopy, improve canopy photosynthesis, and partition more assimilates to 
the ear (Duvick and Cassman, 1999; Lee and Tollenaar, 2007; Hammer et al., 2009).  
 The ideal maize canopy configuration has upright leaf angles in the top canopy that 
gradually become less upright in the lower canopy (Duncan et al., 1967a; Zhu et al., 2010). In 
our previous study, we genetically mapped lower canopy leaf angle by developing two 
segregating populations using three inbred lines, B73, PHW30, and Mo17 to represent important 
maize heterotic groups (Dzievit et al., 2018). From these populations, we detected 12 QTL for 
the second leaf below the ear, but noticed segregation for other leaves in the canopy. 
Additionally, our meta-analysis of 20 leaf angle genetic mapping studies revealed that most 
studies used a single leaf or the average of multiple phenotyped leaves, thus making it difficult to 
determine how these detected regions of the genome contribute to the ideal canopy architecture 
(Dzievit et al., 2018). 
  Research across numerous species including rice, wheat, sorghum, and tomato, have also 
genetically mapped leaf angle (e.g. Li et al., 1999; Isidro et al., 2012; Truong et al., 2015; 
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Nakano et al., 2016); however, only a few have done so with multiple phenotyped leaves. For 
example, leaf specific and canopy-wide QTL were detected in a rice population phenotyped for 
tiller, flag, and leaf angle (Li et al., 1999). Only three maize studies investigated multiple 
individual leaves, but these leaves were consecutive rather than spanning the entire plant canopy 
(Liu et al., 2014; Chen et al., 2015; Chang et al., 2016). Furthermore, a study that phenotyped 
multiple leaves across the canopy only conducted genetic mapping with the average of all leaves 
in the canopy and the average of leaves above and below the ear (Zhang et al., 2017). The few 
QTL detected across multiple leaves or portions of the canopy from these studies reported QTL 
that appear to have varying or consistent genetic effects across the canopy. Genetically mapping 
individual leaves at multiple canopy levels provides us an opportunity to further explore these 
two classes of QTL and determine their impact on developing maize varieties with the ideal 
canopy architecture.  
 In this study, we report the discovery of 59 QTL linked to leaf angle in four different 
leaves and three derived traits through genetic linkage mapping. We first developed doubled 
haploid lines in two populations from previously selected F2 lines (Dzievit et al., 2018) that were 
genotyped using genotyping-by-sequencing. Four leaves at different canopy levels (Fig. 1) were 
phenotyped for leaf angle across multiple years and environments. From these measurements, 
three additional traits were derived to model how leaf angle changes across the canopy. Finally, 
composite interval mapping was conducted to map QTL for all seven traits. 
Materials and Methods 
Genetic Materials 
 Inbred lines were developed through the doubled haploid process from selected F2 
individuals from previous work (Dzievit et al., 2018). Briefly, we selected F2 plants with 
phenotypic extremes and average leaf angles from two bi-parental populations composed of B73, 
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PHW30, and Mo17, with PHW30 as the common parent. From each selected F2 plant, 25 F2:3 
seeds were sent to the Iowa State Doubled Haploid facility to develop completely inbred lines. A 
male inducer was crossed to a single F2:3 plant, and the resulting F1 seeds were sorted for 
haploids according to a morphological seed marker. The haploid seeds were planted in trays, 
injected with colchicine, and transplanted to the field for selfing. A maximum of two doubled 
haploid lines were selected from each F2:3 family that returned selfed seed, resulting in 130 
doubled haploid lines for the B73 population and 179 doubled haploid lines for the Mo17 family. 
Phenotyping for Leaf Angle 
 Four canopy levels were phenotyped for leaf angle on parents, hybrids, and doubled 
haploid lines starting after all plants completed anthesis. The number of leaves above or below 
the ear and below the flag leaf (final leaf) delineated the leaves that we phenotyped for leaf 
angle. Four canopy levels were phenotyped: ‘one below flag’, ‘three above ear’, ‘one above ear’, 
and ‘two below ear’. We utilized a digital imaging method (Dzievit et al., 2018) that uses digital 
images and ImageJ (Schneider et al., 2012) to measure leaf angle for three leaves per canopy 
level. The average of all three phenotyped leaves for each canopy level was recorded for each 
plot. In 2016, leaf angle was only measured for ‘one below flag’ and ‘two below ear’, while all 
four were measured in 2017 and 2018. A new trait, ‘canopy average’ was calculated as the mean 
of the four leaf angle measurements for 2017 and 2018. 
 Two additional traits were derived from leaf position and leaf angle to model leaf angle 
variation across the canopy. The canopy position of each leaf that we phenotyped was assigned a 
numerical value based on the distance from the ear leaf, which was considered the 0 position 
(‘one below flag’ = 5, ‘three above ear’ = 3, ‘one above ear’ = 1, and ‘two below ear’  = -2). Leaf 
angle was regressed on canopy position (𝑦𝑖 = 𝑎 + 𝑏𝑥, where 𝑦𝑖 is the 𝑖𝑡ℎ individual) for each 
individual and environment combination with an in-house R script and the statistical 
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programming language R (R Core Team, 2018). From each model summary, two additional traits 
were derived: the intercept 𝑎, or ‘canopy intercept’ and the slope 𝑏, or ‘canopy slope’. These two 
traits were calculated in 2017 and 2018. 
Experimental Design 
 From 2016-2018, 309 doubled haploid lines were grown at two planting dates using an 
augmented randomized complete block design (ARCBD). The parents were used as checks for 
each block to estimate block effects and plot error and were randomly designated a plot within 
each block of 32-40 plots (block size depended on year and planting date). The doubled haploid 
lines were assigned to the remaining plots across blocks. The first planting date occurred within 
the first week of May, while the second occurred approximately three weeks after the first. We 
discarded the second planting date in 2018 due to uneven growth from early season flooding. 
The parents and doubled haploid lines were planted at 72,000 plants per hectare (~29,000 plants 
per acre) in ~5.5-m-long plots spaced ~76 cm apart. Additionally, the hybrids for each 
population were evaluated under the same conditions and planted only in the first planting date 
in 2017 and 2018. 
 Best linear unbiased predictions across years and planting dates were obtained for each of 
the doubled haploid lines. Following previous methods for analyzing an ARCBD (Federer, 1956; 
Scott and Milliken, 1993; Wolfinger et al., 1997), the following model was fit across 
environments and populations with SAS software v9.4 for Windows (SAS Institute, 2018):  
𝑌𝑖𝑗𝑘𝑙 =  𝐸𝑛𝑣𝑖 + 𝐵𝑙𝑜𝑐𝑘(𝐸𝑛𝑣)𝑖𝑗 + 𝐺𝑟𝑝 + 𝐺𝑟𝑝 ∗ (𝐸𝑛𝑣)𝑖 + 𝑆𝑤𝑖𝑡𝑐ℎ ∗ (𝐺𝑟𝑝 ∗ 𝑃𝑜𝑝)𝑘 +
 𝑆𝑤𝑖𝑡𝑐ℎ ∗ (𝐺𝑟𝑝 ∗ 𝑃𝑜𝑝 ∗ 𝐸𝑛𝑣)𝑖𝑘 +  𝑆𝑤𝑖𝑡𝑐ℎ ∗ (𝐺𝑟𝑝 ∗ 𝐺𝑒𝑛(𝑃𝑜𝑝))𝑘𝑙 +  𝑆𝑤𝑖𝑡𝑐ℎ ∗ (𝐺𝑟𝑝 ∗
𝐺𝑒𝑛(𝑃𝑜𝑝) ∗ 𝐸𝑛𝑣)𝑖𝑘𝑙, 
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where, 𝐸𝑛𝑣𝑖 is the effect of environment 𝑖, 𝐵𝑙𝑜𝑐𝑘(𝐸𝑛𝑣)𝑖𝑗 is the effect of replicate block 𝑗 nested 
within environment 𝑖, 𝐺𝑟𝑝 is an auxiliary variable where the checks correspond to {1, 2, 3} and 
the doubled haploid lines are all the same level, 𝐺𝑟𝑝 ∗ (𝐸𝑛𝑣)𝑖 is the effect of the checks within 
environment 𝑖, 𝑆𝑤𝑖𝑡𝑐ℎ ∗ (𝐺𝑟𝑝 ∗ 𝑃𝑜𝑝 ∗ 𝐸𝑛𝑣)𝑖𝑘 is the effect of the population {1 = B73, 2 = 
Mo17} and 𝑆𝑤𝑖𝑡𝑐ℎ is an indicator variable {0 for checks and 1 for doubled haploid lines}, 
𝑆𝑤𝑖𝑡𝑐ℎ ∗ (𝐺𝑟𝑝 ∗ 𝑃𝑜𝑝 ∗ 𝐸𝑛𝑣)𝑖𝑘 is the effect of the population 𝑘 in environment 𝑖, 𝑆𝑤𝑖𝑡𝑐ℎ ∗
(𝐺𝑟𝑝 ∗ 𝐺𝑒𝑛(𝑃𝑜𝑝))𝑘𝑙 is the effect of the doubled haploid line 𝑙 of the population 𝑘, and 𝑆𝑤𝑖𝑡𝑐ℎ ∗
(𝐺𝑟𝑝 ∗ 𝐺𝑒𝑛(𝑃𝑜𝑝) ∗ 𝐸𝑛𝑣)𝑖𝑘𝑙 is the effect of the doubled haploid line 𝑙 of the population 𝑘 in 
environment 𝑖. All effects were considered random except for check (𝐺𝑟𝑝 effect) and 
environment (𝐸𝑛𝑣 effect). Trait correlations among all seven traits were calculated within and 
across the two populations using a Pearson correlation. Additionally, best linear unbiased 
estimates across years and planting dates were obtained for each of the parents, while the 
calculated mean was recorded for each of the hybrids. A separate planting date effect was not 
included in the model as there were not enough entries across all the traits since the 2018 second 
planting was discarded, and two of the four canopy levels were only evaluated in 2016. 
  The estimated variance components from the model were used to calculate broad-sense 
heritability on an entry-mean basis with the following equation: 
𝐻2 =  
σ̂pop
2 +σ̂g
2
σ̂p
2 +
σ̂pop∗e
2
eh
+σ̂g
2+
σ̂ge
2
eh
+ 
σ̂2
eh
 
, 
where  σ̂pop
2  is the estimated population variance, σ̂pop∗e
2  is the estimated population by 
environment variance,  σ̂g
2 is the estimated genetic variance, σ̂ge
2  is the estimated genetic by 
environment variance, σ̂2 is the estimated error variance, and eh is the harmonic mean for the 
environments (Piepho and Möhring, 2007; Holland et al., 2010).  
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Genotyping, Filtering, and Imputation 
 To identify QTL associated with leaf angle variation across the seven traits, DNA was 
extracted from the doubled haploid lines and parents for genotyping with genotyping-by-
sequencing. In the first planting of 2016, 10 tissue punches were taken from a representative 
plant from each plot. We contracted the University of Minnesota Genomics Center to first extract 
DNA with a Qiagen DNeasy plant kit. They conducted genotyping with genotyping-by-
sequencing (Elshire et al., 2011) using a 1x150 NextSeq rapid sequencing and a previous 
pipeline for single nucleotide polymorphism (SNP) calling (Dzievit et al., 2018). The resulting 
SNPs were aligned to the B73 RefGen_v4 reference genome. 
 Segregating SNPs were identified within the parents and allele frequencies from the 
progeny. The genotype results were stored in a variant call format file (Danecek et al., 2011) and 
split into different data sets containing B73 doubled haploid lines, Mo17 doubled haploid lines, 
and parents using TASSEL v5.0 (Bradbury et al., 2007). In addition, we used TASSEL v5.0 to 
set any genotype call in the doubled haploid lines that was heterozygous to missing. To identify 
segregating SNPs in the parents, we identified additional SNP sites through two methods. First, 
we uplifted previously obtained SNPs for the parents (Dzievit et al., 2018) to RefGen_v4 using 
Ensembl (Herrero et al., 2016) and identified overlapping SNPs with the current set. Next, we 
obtained allele frequencies for the progeny using the program ‘VCFtools v0.1.15’ (Danecek et 
al., 2011). We combined these two SNP sources using an in-house R script with the genotype 
calls of the new parental data to identify segregating SNPs for each population and estimating 
genotyping error frequency. 
 The filtered progeny SNPs were corrected for genotyping errors and imputed. An in-
house python (v3.0) script called ‘VCF_to_MAP-AB’ 
(https://github.com/mdzievit/VCF_to_MAP-AB)  was developed to convert a variant call format 
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file to the MAP-AB format used in the genotyping error and correcting suite of tools called 
‘Genotype-Corrector’ (GC, Miao et al., 2018, accessed 5/15/2018).  After converting to the 
MAP-AB format with PHW30 labelled as the A allele, each genotype file was pre-processed by 
removing markers with more than 40% missing data and individuals with more than 80% 
missing data (GC program ‘filter_samples_markers.py’). Next, markers with segregation 
distortion were removed (by testing the Mendelian segregation ratio with a p-value <0.1 using 
GC ‘program preprocess_markers.py’), and consecutive markers within a 150bp window were 
combined (GC ‘program preprocess_markers.py’). The ‘config-file’ was kept with default 
settings, except the SNP error rate was set for each parent and used to run the ‘Genotype-
Corrector.py’ script from GC. Finally, corrected markers were binned while allowing for one 
mismatch (GC program ‘bin_corrected_markers.py’), and any heterozygous calls resulting from 
the imputation process were set to missing. 
Genetic Mapping 
 Individual and consensus genetic linkage maps were constructed from the corrected and 
imputed progeny data. Binned genotypic data was formatted for input into the R package ‘qtl 
v1.42-8’ (Broman et al., 2003). Markers and individuals with more than 10% missing data were 
removed. A genetic map was initially constructed for each population using the ‘MSTmap’ 
algorithm (Wu et al., 2008) and implemented with the R package ‘ASMap v1.0-2’ (Taylor and 
Butler, 2017). Genotyping errors were investigated using the ‘calc.errorlod’ function within ‘qtl’, 
and genotype calls with scores greater than four were set to missing. The genetic maps were 
constructed again using the same procedures as previously mentioned. Finally, the two individual 
genetic maps were integrated to construct a consensus genetic map using the R package 
‘LPmerge v1.6’ (Endelman and Plomion, 2014). 
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 The consensus genetic map was used to conduct composite interval mapping for the two 
populations. Markers from the individual genetic maps for the B73 and Mo17 populations were 
assigned consensus genetic map positions. The genotypic data files were formatted for input into 
Windows QTL Cartographer v2.5 (accessed 12/1/2018, Wang et al., 2012). Composite interval 
mapping with a walk speed of 1cM, forward and backward regression with an in and out 
probability of 0.10, and window size of 10cM was conducted for each of the seven traits. 
Permutation testing with 1,000 replications was used to identify a trait specific significance 
threshold at the 5% level for QTL detection. In addition, a genome-wide single-marker scan with 
physical distance and uncorrected genotype data was conducted for the seven traits with 37,831 
SNPs from the B73 population and 39,922 SNPs from the Mo17 population to corroborate the 
composite interval mapping results. 
Results 
Phenotype Data 
 The 309 doubled haploid lines were evaluated in an ARCBD that utilized the parents as 
checks to estimate block effects and plot error. An analysis of variance using an ARCBD 
indicated genotype and genotype by environment were significant sources of variation for all 
traits (Table 1 , p < 0.01), while environment was a significant source of variation for all traits 
except ‘canopy slope’ (Table 1, p < 0.01). Broad-sense heritability on an entry-mean basis was 
high for all traits and ranged from 0.87 to 0.97 (Table 1). 
 Best linear unbiased predictors across environments were calculated for each doubled 
haploid line using the ARCBD model. With the combined best linear unbiased predictors, 
phenotypic distributions within and across populations were normally distributed across all traits 
and varied widely (Fig. 2). Leaf angle for the four phenotyped leaves was significantly correlated 
with each other (p < 0.001), and was consistent within and across populations (Fig. 2). The 
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strength of the correlation between leaves increased as the distance between them decreased (Fig. 
2). For example, in the combined population, ‘one below flag’ was strongly correlated with the 
‘third above ear’ (r = 0.88, Fig. 2), whereas ‘one below flag’ was only moderately correlated 
with the ‘second below ear’ (r = 0.41, Fig. 2). This trend was consistent within and across both 
populations (Fig. 2). 
 The three derived traits ‘canopy average’, ‘canopy intercept’, and ‘canopy slope’ varied 
in strength of correlation with the measured LA traits. In this combined population, ‘canopy 
average’ was significantly and positively correlated with all traits (p < 0.001), and with the 
measured leaves, it had the highest correlation with ‘one below flag’ (r = 0.90, Fig. 2). Similarly, 
‘canopy intercept’ was also significantly and positively correlated with all traits (p < 0.001), and 
with the measured leaves, it had the highest correlation with ‘one above ear’ (r = 0.948, Fig. 2). 
On the other hand, ‘canopy slope’ was significantly correlated with all traits (p < 0.001), but for 
‘two below ear’ it was significantly but negatively correlated (p < 0.05, r = -0.13, Fig. 2). 
Modelling Leaf Angle Across the Canopy 
 With the parents, hybrids, and doubled haploid lines, leaf angle was regressed on canopy 
position to model how leaf angle changes across the canopy. The three parents varied widely in 
how leaf angle changes across the canopy. A strong positive slope was observed for B73, 
whereas PHW30 had a slight positive slope (Table 2). In contrast, Mo17 had a moderately 
negative slope (Table 2). This trend for the three parents continued in the doubled haploids lines, 
where doubled haploids lines from the B73 population tended to have positive slopes, whereas 
those from the Mo17 population tended to have negative slopes (Table 2 and Fig. 3). Overall, 
doubled haploid lines from the two populations had a similar ‘canopy intercept’ (Table 2), but 
those from the B73 population tended to have a higher ‘canopy average’ (Table 2). 
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Genotype Data, Linkage Map Construction, and Genetic Mapping 
 A set of 309 doubled haploids developed from previously selected F2 lines were 
genotyped through genotyping-by-sequencing to develop a genetic map. We identified 77,501 
segregating sites in the B73 population and 79,026 segregating sites in the Mo17 population. A 
total of 32 doubled haploid lines (18 from B73 population and 14 from Mo17) were excluded 
from genetic mapping because of high missing data. After filtering, imputing, and binning the 
segregating SNPs in the doubled haploid lines, 3,019 bins for the B73 population and 1,186 bins 
for the Mo17 population were used to create the population specific linkage maps. Both maps 
were approximately 1,368.0 cM in length, and combining the two resulted in a consensus linkage 
map that was 1394.2 cM in length.    
 Composite interval mapping was conducted separately for each population across all 
seven traits. Trait specific significance thresholds, or logarithm of odds (LOD), ranged from 3.1 
to 3.4. In total, 59 QTL were identified in the two populations and were detected on all 
chromosomes except 9 and 10 (Table 3, Fig. 4). In the B73 population, 22 QTL were detected, 
while 37 were detected in the Mo17 population (Table 3, Fig. 4). The number detected for each 
trait ranged from five in ‘three above ear’ to 11 in ‘canopy average’ and ‘one below flag’ (Table 
3, Fig. 4). A single-marker scan with physical mapping of unprocessed genotypic data supported 
these detected QTL (Supplemental Fig. 1). Additive effects ranged from -.46 to .35 for ‘canopy 
slope and -3.35 to 4.14 for leaf angle traits (Table 3). Additionally, the amount of phenotypic 
variation explained by the individual QTL ranged from 4.2 to 26.7 percent, while the total 
variation explained for each trait ranged from 14.1 to 54.4 percent (Table 3).  
 According to the physical positions of the detected QTL intervals, 22 were non-
overlapping and three were detected in both populations (Table 3). Non-overlapping QTL 
detected for the three derived traits co-localized with those detected in the four measured traits, 
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except for QTL with negative additive effects that were detected on chromosomes 1 (13.7 Mb 
and 199.7 Mb) and 6 (95.0 Mb, Table 3). Furthermore, a non-overlapping QTL with negative 
additive effects was detected across populations and is on chromosome 1 near 23 Mb, with one 
being detected for ‘one below flag’ in both the B73 and Mo17 populations (Table 3, Fig. 4). 
Another QTL was detected near 20 Mb on chromosome 3 for ‘one below flag’ in the B73 
population and ‘two below ear’ in the Mo17 population (Table 3, Fig. 4). Also on chromosome 
three, a QTL near 176 Mb was detected for ‘two below ear’ in the B73 population and ‘canopy 
slope’ in the Mo17 population (Table 3, Fig. 4). 
 Seven consistent QTL were detected across at least four traits in both populations, two of 
which were detected in at least five traits. The first major QTL has a positive additive effect, is 
between 58 Mb and 90 Mb on chromosome 5 and was detected across all seven traits in the 
Mo17 population (Table 3, Fig. 4). Also detected in this population was a second major QTL 
with positive additive effects that is located near 300 Mb on chromosome 1 (Table 3, Fig. 4). It 
was only significant for five of the seven traits; however, QTL detected for ‘three above ear’ 
(LOD = 3.3) and ‘canopy slope’ (LOD = 2.89) in this region were just below the trait specific 
significance thresholds (Fig. 4). Additionally, the QTL on chromosome 3 near 2.1 Mb was only 
detected for four of the seven traits, however, additional ones below the specific trait significance 
thresholds were also detected for ‘one above ear’ (LOD = 3.2) and ‘canopy intercept’ (LOD = 
2.5). Similarly, peaks for ‘one below flag’ (LOD = 3.0) and ‘two below ear’ (LOD = 2.85) on 
chromosome 2 (~209 Mb), ‘one above ear’ (LOD = 3.2) on chromosome 3 (~2.1 Mb), and ‘three 
above ear’ (LOD = 2.6) on chromosome 4 (~159 Mb) fell below the specific trait significance 
thresholds for these consistent QTL (Fig. 4). 
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  Developmental reaction norms were developed from comparing the genetic effect of the 
seven consistent QTL across canopy levels. Including the QTL mentioned above that were just 
below the trait specific significant thresholds, QTL with dynamic and stable effects across the 
canopy were observed from the developmental reaction norms (Fig. 5). The additive effects of 
dynamic QTL depend on the canopy position, whereas a stable QTL’s does not. For example, the 
additive effect range for the QTL on chromosome 5 is 4.14 for ‘one below flag’ and 1.29 for 
‘two below ear’, and is considered a dynamic QTL (Table 3, Fig. 5). In contrast, the QTL on 
chromosome 1 near 300 Mb has a range of 2.37 for ‘one below flag’ and 1.59 for ‘two below 
ear’, and is considered a stable QTL (Table 3, Fig. 5). 
Discussion 
 Simulation and empirical research have determined the ideal canopy architecture for high 
planting densities should involve upright leaf angles in the upper canopy that gradually transition 
to less upright in the lower (Duncan, 1971; Long et al., 2006; Zhang et al., 2017). While this 
configuration has contributed to the adaptation to high planting densities seen in the U.S. and 
other countries (Duvick et al., 2004; Wang et al., 2011; Ma et al., 2014), most previous genetic 
mapping studies have not investigated leaf angle variation across the canopy (Dzievit et al., 
2018). This study followed up on observations made from our recent leaf angle genetic mapping 
and meta-analysis study. We used doubled haploid lines developed from previously selected F2 
lines (Dzievit et al., 2018) to investigate leaf angle variation at four different canopy levels 
across multiple years.  
Phenotypic Variation 
 The doubled haploid lines developed in this study were evaluated under two planting 
dates across three years. The loss of the 2018-second planting location made it difficult to test for 
a planting date effect across all traits. Nevertheless, the high heritability and significant but low 
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genotype by environment interaction for all seven traits we observed are consistent with 
observations from other multi-environment leaf angle studies in maize (i.e. Ding et al., 2015; Pan 
et al., 2017; Zhao et al., 2018; Liu et al., 2019). Previous studies in maize evaluating leaf angle 
variation across different planting densities (Wang et al., 2017) and water-stress conditions 
(Zhao et al., 2018) identified small but significant effects of those conditions. It could be 
advantageous to continue investigating planting date’s effect on leaf angle and yield as delaying 
planting by just a few weeks would change the solar angle and therefore change the optimal leaf 
arrangement that maximizes light absorption (Duncan, 1971).  
 Phenotyping leaves at different canopy levels enabled us to model how leaf angle 
changes across the canopy, while providing a method to quantify the ideal canopy architecture 
and determine its genetic control. The three parents used in this study vary in their overall leaf 
angles and ‘canopy slope’, with B73 expressing the ideal canopy configuration; it has upright 
leaf angles in the upper canopy and slightly less upright in the lower that resulted in a strong 
positive ‘canopy slope’. On the other hand, Mo17 has relatively flat leaf angles across the 
canopy and a small negative ‘canopy slope’, meaning leaf angle becomes slightly upright lower 
in the canopy, while PHW30’s ‘canopy slope’ close to 0 indicates its upright leaf angle is stable 
across the canopy . Additionally, the doubled haploid lines generally followed the trend of the 
parents, with the B73 population tending to have a positive ‘canopy slope’, while the Mo17 
tended to have a negative ‘canopy slope’. The trait ‘two below ear’ was previously phenotyped 
for the three parents (Dzievit et al., 2018) and differed slightly from the observations we 
obtained from this experiment. Different and multiple environments and application of an 
experimental design could explain this slight discrepancy.  
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 Genetic mapping using the average of multiple phenotyped leaves was conducted by 
previous research (Mickelson et al., 2002; Lu et al., 2007; Ku et al., 2010, 2012, 2016; Ding et 
al., 2015; Li et al., 2015; Zhang et al., 2017); however, only two investigated the correlation 
between multiple phenotyped leaves (Mickelson et al., 2002) or portions of the canopy (Zhang et 
al., 2017). The high correlations of ‘canopy average’ with all leaves above the ear (>0.90) were 
consistent with previous research (Mickelson et al., 2002). On the other hand, the correlation of 
‘canopy average’ with the lower leaf, or ‘two below ear’, was much smaller (0.69), whereas 
‘canopy intercept’ was much higher (0.89). This was consistent with a similar study that found 
‘canopy average’ was less correlated with the average of the lower canopy than the average of 
the upper canopy (Zhang et al., 2017). This suggests that the ‘canopy average’ might not be 
suitable for representing the lower canopy in genetic mapping and the upper and lower canopy 
may be dynamically controlled.  
Quantitative Trait Loci 
 Genetic mapping with individual leaves rather than only the average of all phenotyped 
leaves  enabled us to view developmental reaction norms based on how the QTL affects leaf 
angle in the maize plant. From these developmental reaction norms, two classes of leaf angle 
QTL were identified: a stable effect across the canopy or a dynamic effect based on canopy 
depth. The stable effect across the canopy class, is most illustrated by two well-characterized 
mutants, liguleless1 and liguleless2, that have consistently upright leaves across the canopy 
(Harper and Freeling, 1996). The QTL detected on chromosomes 1 (~300 Mb), 2 (~210 Mb), and 
4 (~159 Mb) had stable additive effects across the canopy. These three include peaks that did not 
pass the trait specific significance thresholds, which could be due to our sample size not being 
large enough to declare those differences as significant across all leaves in the canopy. 
Nevertheless, the difference between additive effects within this class of leaf angle QTL was 
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small. The findings suggest these QTL are not affected by spatial or temporal effects, meaning 
the plant maintains a specific leaf angle regardless of the leaf’s age or position within the 
canopy. 
 The QTL detected with ‘canopy slope’ generally fit into the dynamic effects class. For 
example, a major effect QTL with dynamic effects was detected on chromosome 5. Since this 
QTL included ‘canopy slope’, we suspected the additive effect to be strongest in the upper or 
lower canopy and weaker in the opposite part of the canopy. The dynamic effects we observed 
for this locus confirmed our hypothesis. Similar results but with smaller effects were observed 
for two of the QTL on chromosome 3 (2.1 Mb and ~188 Mb). Had we only used ‘canopy 
average’ for genetic mapping, all seven of the consistent QTL would have been detected, but we 
would have not observed the dynamic effect canopy depth has on leaf angle. A QTL with similar 
effects was detected in a previous study from genetic mapping with averaged leaves from the 
upper and lower canopy (Zhang et al., 2017). Additionally, dynamic effects were observed for 
cloned genes ZmCLA4 (Zhang et al., 2014) and ZmTAC1 (Ku et al., 2011). Together, these 
observations suggest that these types of QTL are spatially and temporally dependent, meaning 
leaf angle may decrease over time. Phenotyping the same leaves across the growing season may 
elucidate this matter. Additionally, selection for yield under high planting densities may have 
favored this class of leaf angle QTL, thus helping achieve the optimal canopy architecture for 
high planting densities. 
 Detection of a third class of QTL that only affect a single leaf or portion of the canopy 
could be possible; however, it is difficult to know whether these are truly leaf specific or merely 
from the other two classes. Examples of this third class were identified in our study, but the 
small sample size may have limited our power to detect QTL in other parts of the canopy. For 
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example, a QTL on chromosome 5 (4.4 Mb) in the B73 population was only detected for ‘one 
above ear’, yet a different study also using B73 as a parent, detected a QTL for ‘one below flag’ 
in a similar physical position (Tian et al., 2011). In spite of this, there is evidence to support our 
hypothesis that QTL can control specific leaves or portions of the canopy. The QTL on 
chromosome 3 (~219.8 Mb) was only detected for ‘one above ear’ in the B73 population and for 
the same leaf and similar region in a different study (Pan et al., 2017). In addition, a QTL in the 
same region was detected from our previous study for ‘two below ear’ (Dzievit et al., 2018), thus 
suggesting leaf or canopy specific QTL may be possible. Phenotyping leaves at different canopy 
levels with larger sample sizes may provide more evidence to support the existence of this third 
class of QTL. 
 Leaf angle related candidate genes from maize and rice were identified near the non-
overlapping QTL detected in this study. The major effect QTL located between 58 Mb and 90 
Mb on chromosome 5, overlaps with the maize ortholog of the rice gene LC2 (~83 Mb). This 
rice gene alters expression of cell division in the lamina joint that affects leaf angle for the upper 
three rice leaves (Zhao et al., 2010). Additionally, the QTL detected on chromosome 1 near 13.7 
Mb is downstream of an orthologous rice gene, OsMDPI. It is located at approximately 18.3 Mb 
and regulates cell-expansion related genes in the lamina joint of rice (Duan et al., 2006). A 
recently cloned maize gene, drl1 (26.7 Mb), is located slightly upstream of the non-overlapping 
QTL on chromosome 1 near 23.5 Mb and controls proper leaf patterning including restricting 
auricle expansion at the midrib (Strable et al., 2017). Known mechanisms controlling leaf angle 
in maize include variation in auricle size (Kong et al., 2017; Strable et al., 2017), while 
variations in cell size in the lamina joint controls leaf angle for rice (i.e. Duan et al., 2006; Je et 
al., 2010; Jiang et al., 2012; Li et al., 2013; Gao et al., 2014; Feng et al., 2016). Maize orthologs 
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of similar types of rice genes were also identified for the two consistent QTL on chromosome 3 
(2.1 Mb and 188.4 Mb), CYP90D2/D2(4.7 Mb, Li et al., 2013) and LAX (186.0 Mb, Komatsu et 
al., 2003). Together, these underlying candidate genes for the consistent QTL support our 
previous hypothesis regarding the contribution of cell size near the blade and sheath boundary to 
leaf angle variation in maize (Dzievit et al., 2018). 
 The progenitors of the doubled haploids developed in this study were previously used for 
genetic mapping leaf angle in the lower canopy (Dzievit et al., 2018). Six of the non-overlapping 
QTL previously detected were consistent with the newly detected QTL, and all but the one on 
chromosome 8 matched the allele source (Dzievit et al., 2018).The non-matching additive effects 
for the QTL on chromosome 8 were detected in different leaves. Previously, a small positive 
additive effect and a large dominance effect was detected in the B73 population for the leaf in 
the lower canopy (Dzievit et al., 2018), whereas in this study, a negative additive effect was 
detected for ‘one below flag’ in the B73 population. The allelic effect of this locus may depend 
on the leaf position within the canopy. Similar results have been obtained when genetic mapping 
has been conducted with above and below canopy averages (Zhang et al., 2017). 
 Previously we summarized 20 maize leaf angle genetic mapping studies that included the 
detected QTL’s physical positions (Dzievit et al., 2018). From this information, we found that at 
least one other study supported all 59 QTL detected across the seven traits in both populations. 
Overall, we observed studies that utilized B73 as a parent in one or more of the crosses (Tian et 
al., 2011; Pan et al., 2017; Zhang et al., 2017) tended to overlap more, thus supporting our 
previous conclusion that diversifying the parents used in genetic mapping studies is important for 
identifying novel QTL (Dzievit et al., 2018). Contrarily, these overlapping QTL may strongly 
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support the presence of molecular variants that affect leaf angle at these consistently detected 
regions of the genome.  
 The major QTL on chromosome 5 was supported by multiple studies that phenotyped 
different leaves throughout the canopy (Tian et al., 2011; Potts, 2014; Chen et al., 2015; Li et al., 
2015; Pan et al., 2017; Zhang et al., 2017; Liu et al., 2019). Since most of the studies phenotyped 
a single leaf or conducted genetic mapping with the average of multiple leaves, it is difficult to 
see the dynamic canopy effect. The other major QTL on chromosome 1 (~300 Mb) was only 
supported by a single study that mapped with multiple leaves near the ear (Li et al., 2015). 
Similarly, the consistent QTL on chromosome 2 (~209 Mb) was only supported by a single study 
that mapped with the average of all leaves in the canopy (Zhang et al., 2017). The three derived 
traits, ‘canopy average’, ‘canopy slope’, and ‘canopy intercept’, co-localized with QTL 
identified for phenotyped leaves except for two detected for ‘canopy slope’ on chromosomes 1 
(199.7 Mb) and 6 (95.0 Mb). While these were not supported by the phenotyped leaves in this 
study, they were supported by other studies that phenotyped leaves in multiple parts of the 
canopy (Tian et al., 2011; Li et al., 2015; Chang et al., 2016; Pan et al., 2017; Zhang et al., 
2017), thus supporting the validity of these QTL.   
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Figures 
 
Fig. 1. Distinct leaf angle architecture for inbred lines B73, Mo17, and PHW30 across different canopy levels. The distinct leaf angle phenotypes 
(panel A) for B73 (left), PHW30 (middle), and Mo17 (right). Segmented portions of each inbred line in panel B further highlights how leaf angle 
changes across four levels of the canopy (panel B). 
 
 
Fig. 2. Trait correlations between the four phenotyped and three derived traits both within and across populations using best linear unbiased 
predictors. Plots on the diagonal line describes the trait name and the overall distribution of each trait. The bottom triangle depicts the scatter 
relationship among the seven traits, while the upper triangle shows the strength of the correlations and significance level (p-values: 0.001, 0.01, 
0.05, 0.1) and symbols: (‘***’, ‘**’, ‘*’, ‘.’). 
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Fig. 3. Modelling of leaf angle across canopy levels for 309 doubled haploid lines and the three parents. Four canopy levels were phenotyped for 
leaf angle and were represented by four leaves based on their distance from the flag (final) or ear leaf, which is depicted in the plant illustration. 
Best linear unbiased predictors for each phenotyped leaf were regressed on the numerical positions of the leaves with the ear leaf positioned at 
zero. Slopes from each regression are plotted for each doubled haploid line and colored according to their overall canopy average, which was 
calculated as the average of all four leaves phenotyped. Best linear unbiased estimates for each parent are plotted for reference. 
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Fig. 4. Linkage mapping of leaf angle across seven traits. Logarithm of odds plots for selected chromosomes from the composite interval 
mapping. Results for two populations are combined into each plot for each of the four phenotyped traits (A-D) and three derived traits (E-G). 
Chromosomes were selected for plotting if it contained a significant QTL above the significance threshold among all results. The horizontal red 
line indicates the trait specific significance threshold and vertical dotted lines separate the selected chromosomes. 
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Fig. 5. Leaf angle developmental reaction norms reveal dynamic and stable genetic effects. Linkage mapping of leaf angle across seven traits 
revealed seven consistent quantitative trait loci (QTL) determined by trait specific significant thresholds for each trait. Developmental reaction 
norms revealed two classes of QTL based on their genetic effect at different canopy levels: dynamic and stable. Dynamic QTL have different 
effects depending on the canopy position, whereas stable QTL have similar effects independent of canopy position. 
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Tables 
Table 1. Combined analysis of variance and broad-sense heritability on an entry-mean basis for the 309 doubled haploid lines 
evaluated across multiple environments. 
Trait 
Num. 
Env. 
Env. Block Pop. 
Pop. * 
Env. 
Genotype (Pop.) 
Genotype (Pop.) * 
Env. 
Heritability 
One below 
flag 
5 4.02** 0.19 46.63 2.01 82.16** 10.52** 
0.97 
Three 
above ear 3 17.65** 0.07 11.34 0.19 46.20** 7.22** 0.93 
One above 
ear 3 14.82** 0.22 0.10 0.46 28.22** 6.08** 0.87 
Two below 
ear 5 13.78** 0.23* 0.75 0.80 28.16** 4.18** 0.93 
Canopy 
average 3 25.36** 0.20* 6.79 0.05 36.90** 4.18** 0.96 
Canopy 
intercept 3 20.42** 0.20* 0.00 0.49 27.42** 3.34** 0.93 
Canopy 
slope 3 0.94 0.00 1.39 0.13 1.10** 0.22** 0.92 
† Within a column, variance estimates with significance levels of *0.05 > p > 0.01, **0.01 > p> 0.001, and ***p > 0.001. 
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Table 2. Leaf angle phenotypic values for parents, hybrids, F2, selected F2, and F2:3 plants. 
Group 
One below 
flag 
Three above 
ear 
One above 
ear 
Two below 
ear 
Canopy 
average 
Canopy 
intercept 
Canopy 
slope 
Parents 
        B73 80.6 77.3 70.0 60.0 72.0 66.7 3.0 
 Mo17 52.7 61.1 64.3 61.6 59.9 62.0 -1.2 
 PHW30 74.3 77.7 76.9 73.2 75.5 75.1 0.2 
F1        
B73 and PHW30 75.9 72.1 68.5 64.4 70.3 67.4 1.6 
Mo17 and PHW30 60.7 64.1 67.8 64.6 64.2 65.2 -0.5 
Doubled haploid lines 
 
      
 B73 Population 
72.3 (52.4 - 
84.9) 
73.1 (60.9 - 
84.4) 
69.7 (58.4 - 
79.8) 
66.7 (52.4 - 
77.3) 
70.6 (55.4 - 
79.9) 
68.7 (56.6 - 
77.8) 
0.9 (-1.6 - 
2.6) 
 Mo17 Population 
62.6 (36.9 - 
82.7) 
68.3 (45.3 - 
82.5) 
69.1 (50.6 - 
79.2) 
68.0 (53.2 - 
80.9) 
66.8 (47.5 - 
79.4) 
68.3 (50.8 - 
80.6) 
-0.7 (-4.7 - 
1.8) 
† Values within parentheses represent the range of values. 
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Table 3. QTL detected across two populations and seven traits. 
Pop. Trait Chr. 
Position 
(cM) 
Position (bp) Interval (bp) LOD 
Phenotypic 
Variation 
Explained (%) 
Additive 
Effect 
B73 
Canopy 
average 1 30.44 13,781,927  
11,008,662 - 
15,122,617 3.84 8.3 -1.29 
Mo17 One below flag 1 39.81 23,605,014  
19,586,122 - 
23,951,786 3.68 4.9 -2.36 
B73 One below flag 1 44.68 23,496,606  
17,147,843 - 
26,518,099 6.33 14.3 -2.46 
B73 Canopy slope 1 44.68 23,561,709  
22,017,697 - 
26,518,099 9.02 17.7 -0.36 
B73 Two below ear 1 66.52 61,639,261  
46,189,143 - 
73,454,204 5.04 10.8 1.60 
B73 Canopy slope 1 102.79 199,718,148  
196,150,881 - 
204,775,154 4.75 8.7 -0.26 
Mo17 
Canopy 
average 1 146.06 279,919,313  
262,565,815 - 
284,127,777 4.11 5.9 1.71 
Mo17 One below flag 1 147.23 281,635,064  
278,902,147 - 
285,024,567 4.44 6.5 2.73 
Mo17 
Three above 
ear 1 147.23 281,635,064  
279,919,313 - 
284,127,777 3.78 6.0 1.91 
Mo17 One below flag 1 174.90 300,610,159  
298,707,544 - 
300,610,159 3.28 4.9 2.37 
Mo17 One above ear 1 176.61 300,815,943  
298,707,544 - 
300,958,957 7.20 10.7 1.73 
Mo17 
Canopy 
intercept 1 176.61 300,815,943  
298,109,195 - 
300,958,957 7.93 11.5 1.94 
Mo17 Two below ear 1 176.61 300,815,943  
298,707,544 - 
301,678,020 6.70 8.5 1.59 
Mo17 
Canopy 
average 1 176.61 300,815,943  
298,707,544 - 
300,958,957 4.34 6.3 1.77 
Mo17 
Canopy 
intercept 2 8.32 3,758,474  
2,125,879 - 
4,021,518 3.86 5.3 -1.32 
Mo17 Two below ear 2 14.64 4,643,843  
4,021,518 - 
4,629,150 3.87 4.2 -1.15 
Mo17 One above ear 2 119.73 208,979,494  
208,171,313 - 
211,790,973 6.06 8.8 1.58 
Mo17 Two below ear 2 119.73 208,979,494  
203,634,782 - 
214,473,966 5.04 6.2 1.38 
Mo17 
Canopy 
intercept 2 122.85 210,702,965  
208,171,313 - 
217,477,861 6.92 9.6 1.78 
Mo17 
Canopy 
average 2 122.85 210,702,965  
208,171,313 - 
215,851,914 4.88 7.1 1.85 
Mo17 One below flag 3 13.08 2,114,199  
1,697,344 - 
2,690,043 5.03 7.4 -2.81 
Mo17 
Three above 
ear 3 13.08 2,114,199  
1,926,001 - 
2,690,043 4.74 7.7 -2.08 
Mo17 
Canopy 
average 3 13.08 2,114,199  
1,932,794 - 
2,690,043 3.82 4.9 -1.53 
Mo17 Canopy slope 3 13.08 2,114,199  
2,114,199 - 
4,166,269 3.36 5.3 -0.24 
B73 One below flag 3 44.73 10,776,265  
7,823,545 - 
56,129,442 4.14 8.9 1.96 
Mo17 Two below ear 3 54.55 37,934,170  
18,859,980 - 
150,995,903 10.74 14.4 2.14 
B73 One above ear 3 61.57 148,152,778  
141,752,201 - 
161,007,035 7.84 18.7 2.08 
B73 
Canopy 
intercept 3 61.57 148,152,778  
141,752,201 - 
156,032,924 10.73 26.7 2.22 
B73 
Canopy 
average 3 61.57 148,152,778  
22,638,425- 
161,007,035 6.57 14.7 1.74 
B73 
Three above 
ear 3 61.57 148,152,778  
140,251,891 - 
157,560,451 6.14 14.9 2.01 
B73 Two below ear 3 82.84 178,238,606  
170,135,160 - 
181,142,332 7.48 16.9 1.94 
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Table 3. Continued 
Mo17 Canopy slope 3 83.02 175,922,642  
175,309,978 - 
179,265,148 10.91 18.9 -0.46 
B73 Canopy slope 3 82.84 178,334,877  
172,748,782 - 
180,454,963 4.97 9.1 -0.26 
Mo17 
Canopy 
average 3 101.57 192,596,136  
183,462,848 - 
199,047,666 4.84 7.5 -1.88 
Mo17 
Three above 
ear 3 92.41 185,336,560  
183,462,848 - 
197,655,740 6.41 10.5 -2.43 
Mo17 One below flag 3 98.43 190,358,413  
183,462,848 - 
194,723,475 6.94 10.5 -3.35 
Mo17 One above ear 3 93.41 185,336,560  
183,667,807 - 
188,281,343 5.32 7.7 -1.48 
B73 One above ear 3 128.98 219,868,543  
219,868,543 - 
220,545,686 3.45 7.5 -1.32 
Mo17 One above ear 4 63.74 159,922,938  
145,119,876 - 
164,199,273 8.15 12.2 1.95 
Mo17 
Canopy 
intercept 4 63.74 159,922,938  
145,119,876 - 
172,598,150 9.01 13.2 2.18 
Mo17 
Canopy 
average 4 62.37 156,139,451  
25,531,429 - 
164,199,273 4.70 6.2 1.84 
Mo17 Two below ear 4 62.37 156,139,451  
145,119,876 - 
164,199,273 6.86 9.3 1.76 
B73 Two below ear 4 131.67 244,187,765  
242,523,465 - 
244,799,420 4.58 9.7 1.47 
B73 
Canopy 
intercept 4 131.67 244,187,765  
242,568,640 - 
244,799,420 5.01 11.2 1.41 
B73 
Canopy 
average 4 131.67 244,187,765  
244,570,388 - 
244,187,765 3.27 6.9 1.18 
B73 One above ear 5 33.25 4,413,766  
4,263,834 - 
4,455,703 3.91 8.7 1.40 
Mo17 Canopy slope 5 52.36 58,171,881  
36,223,506 - 
131,472,369 6.69 10.7 0.35 
Mo17 
Three above 
ear 5 52.36 55,886,879  
36,223,506 - 
136,505,051 6.00 9.8 2.35 
Mo17 One below flag 5 52.36 55,886,879  
40,895,785 - 
136,505,051 10.20 16.1 4.14 
Mo17 
Canopy 
average 5 54.69 72,784,622  
48,368,513 - 
131,472,369 10.45 16.5 2.77 
Mo17 
Canopy 
intercept 5 57.13 90,052,837  
58,171,881 - 
140,762,764 6.21 8.7 1.70 
Mo17 One above ear 5 57.13 90,052,837  
55,886,879 - 
145,757,489 5.92 8.6 1.59 
Mo17 Two below ear 5 57.13 90,052,837  
73,082,518 - 
131,472,369 4.42 5.4 1.29 
B73 One below flag 5 123.82 213,991,742  
212,217,663 - 
214,714,857 4.63 10.6 -2.23 
B73 Canopy slope 5 123.82 213,991,742  
213,991,742 - 
214,714,857 4.93 9.0 -0.27 
Mo17 Canopy slope 6 18.59 95,027,657  
94,234,292 - 
98,153,682 3.82 6.2 -0.27 
B73 One below flag 7 36.64 26,629,898  
17,796,504 - 
122,219,223 4.83 11.1 -2.23 
B73 
Canopy 
average 7 38.43 30,597,808  
26,629,898 - 
121,046,757 3.72 8.3 -1.29 
B73 One below flag 8 43.33 102,783,982  
98,036,981 - 
102,783,982 3.35 6.2 -1.66 
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Supplemental Fig. 1. Linkage mapping compared with single marker scan results for leaf angle across the seven traits. Scans were done with the 
unprocessed genotypic data for leaf angle across both populations (B73 A-G, Mo17 H-N) and all seven traits. Top panels for each trait are the 
linkage mapping results and the bottom panel are the single marker scan results. 
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Data and Code Availability 
Data and code used in this study will be available in an online public repository: 
https://github.com/mdzievit/Canopy_LA_Mapping 
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CHAPTER FOUR: HARNESSING GENETIC POTENTIAL FROM THE U.S. MAIZE 
NATIONAL SEED BANK VIA GENOMIC PREDICTION WITH THE MAIZE 
ASSOCIATION POPULATION 
Abstract 
 Efficiently exploiting natural genetic diversity for traits of interest from our gene banks 
will be crucial for reversing the genetic erosion of our major crops. Selecting lines of interest 
from genes banks has required extensive and costly evaluation; however, low-cost genotyping 
combined with genomic prediction enables us to select lines of interest without evaluation. 
Assessment and empirical validation of the Maize Association Population (MAP) as a training 
population was conducted in the present study to predict 36 traits with ridge-regression best 
unbiased linear predictions (RR-BLUP) for the 2,812 lines in the U.S. maize national seed bank 
(AmesDP). Cross-validation testing with the MAP revealed weak to strong prediction accuracy 
for the 36 traits and a strong relationship between prediction accuracy a trait’s repeatability. The 
MAP was then used to train the prediction model for the 36 traits to generate genomic estimated 
breeding values (GEBVs) for the 2,812 lines of the AmesDP. Empirical validation of the 
predictions for nine traits across two datasets confirmed the prediction accuracy observed in the 
MAP. Genotypic data for both the training and prediction populations was used to calculate an 
upper bound for prediction reliability (U-value) in the prediction population where we observed 
that lines with high U-values had high prediction accuracy. Breeders and researchers can utilize 
GEBVs and U-values for selecting inbreds from the AmesDP that contain traits of interest and 
help broaden the genetic diversity of maize. 
Introduction 
 Modern plant breeding is like a double-edged sword; breeders quickly and efficiently 
produce high-yielding cultivars but narrow the genetic base in the process (Tanksley and 
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McCouch, 1997). This self-inflicted genetic erosion of our major crops increases their 
vulnerability to the ever-changing climatic landscape and rapid evolution of diseases and insects. 
Private and public breeders have recognized the need to expand our elite germplasm’s genetic 
diversity to safeguard against these future challenges for some time, (Goodman, 2005; Mikel and 
Dudley, 2006) but we have only scratched the surface in integrating available diversity into our 
elite germplasm (e.g. Tanksley et al., 1996; Xiao et al., 1998; Fox et al., 2015). 
 Gene bank curators have excelled in conserving the rich natural genetic diversity by 
preserving millions of plant varieties in gene banks across the world (FAO, 2010). Programs 
such as the Latin American Maize Project (Salhuana et al., 1997) and Germplasm Enhancement 
of Maize (Pollak, 2001) pre-breed diverse gene bank accessions to increase the genetic diversity 
of maize (Zea mays L.) germplasm available for breeders. Utilizing any genetic materials from 
gene banks requires efficient determination of the varieties worth evaluating, which depends on a 
breeding or research program’s objectives. Accomplishing this task begins with carefully curated 
genotypic and phenotypic data for the millions of gene bank accessions (McCouch et al., 2012), 
yet obtaining this information has proven to be both expensive and time consuming (Houle et al., 
2010). 
 Next generation genotyping methods, such as genotyping by sequencing, (GBS, Elshire 
et al., 2011) have helped overcome this obstacle by providing cheap and abundant single 
nucleotide polymorphisms (SNPs). Recently, the application of this technology in gene banks 
has provided large-scale genetic characterization of these collections (Romay et al., 2013; Crossa 
et al., 2016; Yu et al., 2016). Even with advancements in high-through phenotyping, (e.g. Pugh 
et al., 2017; Salas Fernandez et al., 2017; Crain et al., 2018) large-scale phenotyping of gene 
bank collections for important traits is still challenging. Instead, researchers have focused on 
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extensive phenotypic characterization of manageable subsets of large gene bank collections, 
commonly called ‘association panels’ (e.g. Flint-Garcia et al., 2005), ‘core panels’ (e.g. 
Upadhyaya et al., 2009), or ‘diversity panels’ (e.g. Zhao et al., 2011). 
 Genomic prediction methodologies (Meuwissen et al., 2001) exploit low-cost genotypic 
data to bridge the gap between phenotypic data collected from these association panels to the 
unphenotyped gene bank collections. These genotypically and phenotypically characterized 
association panels can train a prediction model and generate GEBVs for the untested genotyped 
gene bank collection. This approach has recently attracted a lot of attention and has been used to 
uncover the hidden potential in gene banks across the world in sorghum (Yu et al., 2016), 
soybean (Jarquin et al., 2016), wheat (Crossa et al., 2016), and cauliflower (Thorwarth et al., 
2018). Application of this approach with AmesDP has only been done for a few traits such as 
height and flowering time (Peiffer et al., 2013, 2014) and seedling root length (Pace et al., 2015), 
yet a large-scale genomic prediction analysis of the AmesDP with an extensively phenotyped 
association panel has not yet been conducted. 
 The AmesDP is a collection of 2,812 unique inbred lines stored at the USDA-ARS North 
Central Regional Plant Introduction Station in Ames, IA. Within this collection are maize 
landraces and inbred lines from public breeding programs in the US, CIMMYT, and other 
countries from around the world and recently expired plant variety protection inbred lines 
registered from private breeding companies. Recently, the inbred lines from the AmesDP and 
MAP (a.k.a Goodman association panel, Flint-Garcia et al., 2005) were genotyped using GBS 
(Romay et al., 2013). The MAP is a collection of diverse inbred lines from public breeding 
programs from around the world (Flint-Garcia et al., 2005) and represents 75% of the total allelic 
diversity of the AmesDP (Romay et al., 2013). This panel was previously phenotyped for 
115 
 
numerous traits across a wide range of environments (Hung et al., 2012). Additionally, 2,306 
lines from the AmesDP were phenotyped for seven traits related to height and flowering time 
(Fig. 1A, Romay et al., 2013; Peiffer et al., 2013, 2014). Together, these datasets provide an 
excellent opportunity to explore the prediction potential of the MAP across a range of traits and 
to predict and validate GEBVs for the AmesDP. 
 In this study, we report the predictive ability of the MAP for 36 traits through genomic 
prediction using RR-BLUP and cross-validation. We first filtered and imputed previously 
obtained SNPs for the 281 inbred lines from the MAP and 2,812 unique inbred lines from the 
AmesDP. The MAP was used to train the prediction model and generate GEBVs for the 
AmesDP across 36 traits (Fig. 1A and 1B) using RR-BLUP. We report empirical prediction 
accuracy for four traits using 294 randomly selected lines from the AmesDP (Fig. 1C) and with a 
larger empirical validation set that was previously phenotyped for seven traits (Fig. 1A, Romay 
et al., 2013; Peiffer et al., 2013, 2014). Finally, a U-value was calculated for each line in the 
AmesDP, and we report its relationship with prediction accuracy as a determinant of prediction 
reliability for nine traits. 
Materials and methods 
Genetic Materials 
 Inbred lines from the MAP (Flint-Garcia et al., 2005) and AmesDP (Romay et al., 2013) 
were utilized in the present study. The 281 inbred lines from the MAP were used as the training 
population, and the 2,812 unique AmesDP lines were used as the prediction population (Fig. 1B, 
Supplemental Table S1.). Together, these two populations form the 3,093-line reference 
population (Fig. 2). From the prediction population, two empirical validation populations were 
used: 294 randomly selected lines as the small empirical validation population and 2,306 
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previously phenotyped lines (Romay et al., 2013; Peiffer et al., 2013, 2014) as the large 
empirical validation population (Supplemental Table S1.). 
Genotypic Data, Imputation, and Imputation Accuracy 
 The ZeaGBS build v2.7 (Glaubitz et al., 2014, panzea.org, accessed 5/25/2018) SNP set 
was previously generated by GBS and contains 954,882  SNPs (AGPv3). A detailed workflow of 
the scripts and options used to process the genotypic data will be available in a public repository 
(see note in supplement). Briefly, the raw SNP file was converted to variant call format (VCF) 
using the command line options in TASSEL (Bradbury et al., 2007). An in-house python script 
was used to combine samples that were genotyped multiple times (Supplemental Table S1.) and 
to split the reference population into the training (281) and prediction (2,812) populations. 
 Different filtering conditions were applied to both populations, and the overlapping SNPs 
were extracted from each population. The program ‘VCFtools v0.1.15’ (Danecek et al., 2011) 
was used to split the two VCF files containing the training and prediction genotypes into ten 
maize chromosomes. Filtering in the training population excluded in-dels and SNPs that were 
monomorphic, had more than 80 percent missing data, and minor allele frequency of less than or 
equal to one percent. For the prediction population, similar filtering criteria were used except we 
did not filter for minor allele frequency. SNPs that overlapped between the two populations were 
extracted via ‘VCFtools v0.1.15’. The training and prediction populations were indexed using 
‘tabix, v1.6’ (Li, 2011) and then merged with ‘VCFtools v0.1.15’. The remaining 344,477 SNPs 
were imputed for missing data using ‘Beagle, v4.1’ (Browning and Browning, 2007) and 
program defaults. 
 Multiple missing data percentages were tested for SNP imputation to assess imputation 
accuracy. Again, a more detailed workflow of the scripts and options used to assess imputation 
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accuracy will be available in a public repository (see supplement). Briefly, chromosome 10 was 
used along with the same filtering steps as previously described, except multiple missing 
percentages were tested: 25, 40, 55, 70, 85, and 95. After filtering, missing percentages for each 
SNP were obtained with ‘VCFtools v0.1.15’. The filtered genotypic data was imputed using 
‘Beagle v4.1’ using the methods previously described. The imputed data was masked based on 
the original missing percentages for each SNP with in-house python script. The “true” genotypes 
were recorded in a “truth file”. These masked SNPs were imputed again using ‘Beagle v4.1’, and 
another in-house python script was used to extract the imputed genotypes that were masked into 
the “truth file”. Phased heterozygous genotype calls were treated the same, or in other words, a 
genotype call of ‘0|1’ or ‘1|0’ would be equivalent. R (R Core Team, 2018) and an in-house R 
script was used to compile genotype calls from the ‘truth file’ and calculate the imputation 
accuracy for each missing rate. Imputation accuracy was defined as the overall percent of 
correctly imputed SNPs when compared to the truth file. 
Population Structure 
 Population structure of the reference population was estimated using ‘ADMIXTURE, 
v1.3’ (Alexander et al., 2009). Per the ‘ADMIXTURE v1.3’ manual, ‘plink v1.9’ (Purcell et al., 
2007; Chang et al., 2015) was used with a 50 SNP window, a step size of 10, and a r
2
 threshold 
of 0.20 to prune SNPs in linkage disequilibrium. The remaining 103,408 SNPs were used in a 
cross-validation (CV) ‘ADMIXTURE v1.3’ procedure (K = 1..10) to assist in identifying the 
number of subpopulations. Results from the cross-validation, principal component analysis using 
‘plink v1.9’, and previous subpopulation classifications (Romay et al., 2013) were used to select 
and classify five subpopulations (Fig. 2). Lines with membership coefficients ≥ 70% were 
assigned to the respective subpopulations, while the rest were assigned to a mixed group.  
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Phenotypes for Training and Empirical Validation Populations 
 We used previous phenotypic data (Hung et al., 2012) accessed from panzea.org 
(11/2016) to construct best linear unbiased predictions (BLUPs) for the training population lines. 
A pipeline (see supplement) implemented in R was used to analyze the training population 
phenotypic data. This dataset originally contained 53 traits that were phenotyped across 16 
environments; not all traits were evaluated across every environment (Hung et al., 2012). They 
were classified into six trait types: plant architecture, flowering, tassel, ear, kernel, and other 
(Fig. 1A). Harmonic means (Holland et al., 2010) were calculated for each trait to determine the 
mean number of environments per individual. Traits involving ‘border plants’ or with a harmonic 
mean less than 1.5 were removed. An additional trait, ‘TotalKernelWeight’, was calculated as 
the difference between ‘EarWeight’ and ‘CobWeight”. For the 36 remaining traits, individuals 
were treated as random, and year and environment location combinations were treated as fixed to 
construct BLUPs for each individual using the R package ‘lme4 v1.1-17’ (Bates et al., 2015). 
Variance components were estimated using ‘lme4 v1.1-17’ to calculate broad-sense heritability 
on an entry-mean basis with the following equation: 
 𝐻2 =  
?̂?𝑔
2
?̂?𝑔
2+ 
?̂?𝑒
2
𝑒ℎ
 
, 
where ?̂?𝑔
2  is the estimated genetic variance, ?̂?𝑒
2 is the estimated error variance, and 𝑒ℎ is the 
harmonic mean for the environments (Piepho and Möhring, 2007; Holland et al., 2010).  
 The 294-line small empirical validation population was phenotyped for ‘PlantHeight’ 
(PH), ‘EarHeight’ (EH), ‘UpperLeafAngle’ (ULA), and ‘MiddleLeafAngle’ (MLA). These four 
traits were phenotyped according to previous definitions (Hung et al., 2012 and panzea.org) and 
re-stated here for convenience. Leaf angle measurements were taken from digital images 
(Dzievit et al., 2018) by measuring the angle between horizontal and the middle of the midrib. 
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The trait ULA (°) is defined as the leaf immediately below the upper most leaf, or flag leaf (Fig. 
1C), and MLA (°) is defined as the second leaf below the ear leaf (Fig. 1C). The trait PH (cm) 
was measured as the distance between the soil surface and base of the flag leaf (Fig. 1C), and EH 
(cM) was measured as the distance between the soil surface and the ear-bearing node of the 
uppermost ear (Fig. 1C). The small empirical population was planted in Boone, IA in 2015, 
2016, and 2017 with a completely randomized design and no replications. The BLUPs for the 
small empirical validation population and the combined training and empirical validation 
population were done using the same method previously described. Additionally, BLUPs for 
each line in the large empirical validation population for seven traits, PH, EH, ‘DaystoSilk’, 
‘GDDDaystoSilk’, ‘DaysToTassel’, ‘GDDDaystoTassel’, ‘GDDAnthesis-SilkingInterval’ 
(Romay et al., 2013; Peiffer et al., 2013, 2014), were obtained from panzea.org (accessed 
9/4/2018). 
Genomic Prediction and Upper Bound for Prediction Reliability 
 The GEBVs for 36 traits were generated for each line in the AmesDP, or prediction 
population. The R package ‘rr-BLUP v4.6’ (Endelman, 2011) was used to implement a RR-
BLUP model (Whittaker et al., 2000; Endelman, 2011) that estimated marker effects for all 
markers using the MAP as the training population. We summed these effects for each line of the 
prediction population and added the overall mean to generate GEBVs for all 36 traits. 
Additionally, the small empirical validation population was used as the training population to 
produce GEBVs for lines within the MAP for ULA, MLA, PH, and EH to assess its predictive 
ability. 
 A k-fold CV method was applied to the MAP to evaluate prediction accuracy for all 36 
traits. The Pearson correlation (r) of GEBVs and observed BLUPs was used to estimate 
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prediction accuracy. Using an in-house R script, three fold sizes (k) were tested (k = 2, 5, and 
10), and prediction accuracy was averaged across 50 iterations for each trait and k-fold 
combination. A single iteration splits the dataset into approximately equal size k-folds, where 
one fold is the validation population and the remaining folds are the training population for the 
prediction model. The training population was then used to predict GEBVs for individuals in the 
validation population. This process was repeated until each fold was used as the validation 
population once, and prediction accuracy across all predictions for that iteration was determined. 
The means of all 50 iterations were reported for each k-fold trait combination tested. Testing of 
the three fold sizes was repeated for ULA, MLA, PH, and EH using both the small empirical 
population and the combined MAP and small empirical population as the training population to 
assess population size and diversity on prediction accuracy.  
 A U-value (Karaman et al., 2016; Yu et al., 2016) was calculated for all lines in the 
prediction population using an in-house R script and the training and prediction population’s 
genotypic data. This assesses the representation of the validation population within all linear 
combinations of the genotypes in the training population. The U-values were ranked from 
highest to lowest, and the small empirical validation population lines were classified into three 
groups, top 50, middle, and bottom 50, while the large empirical validation population lines were 
classified into three groups, top 400, middle, and bottom 400, to compare prediction accuracy 
within each group. 
Results 
Genotypic Data, Population Structure, and Upper Bound for Reliability 
 Genotypic data for the 281 inbred lines in the MAP, or training population and the 2,812 
inbred lines from the AmesDP, or prediction population, were filtered and imputed using ‘Beagle 
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v4.1’. Multiple missing data percentages were tested using chromosome 10 to compare 
imputation accuracies. The imputation accuracy results formed a quadratic curve, with the 
highest accuracy occurring around 55% (Supplemental Fig. S1.). For this analysis, 80% was used 
as the missing data rate with an estimated imputation accuracy of ~98%. The training and 
prediction populations were filtered with the same criteria except for minor allele frequency that 
removed 62.4% of the SNPs (596,289) from the training population and 30.6% (293,050) from 
the prediction population. The training and prediction populations were recombined into the 
reference population using the 344,477 SNPs in common to both populations and imputed for 
missing data using Beagle v4.1. 
 Population structure was determined using multiple methods including ancestry 
estimation, principle component analysis, and previous research. Using the imputed reference 
population, SNPs in linkage disequilibrium (LD) were removed to determine population 
structure via ancestry estimation and principal components analysis. From the 344,477 SNPs in 
the reference population, ~70% of the SNPs (103,408 remaining) were in LD and removed. 
Cross-validation error of the ‘ADMIXTURE v1.3’ analysis (Supplemental Fig. S2), principal 
component analysis (Fig. 2), and prior research (Romay et al., 2013) suggested five 
subpopulations: stiff stalk, non-stiff stalk, tropical, popcorn, and sweetcorn. A membership 
cutoff value of 70% resulted in 57% of the lines in the reference population assigned to a single 
subpopulation, while the rest were assigned to a mixed group (Supplemental Table S1.). 
Excluding lines classified into the mixed subpopulation, these classifications were consistent 
with previous results that classified this material (Romay et al., 2013). 
 The SNP data for the training and prediction populations were used to calculate a U-value 
(Karaman et al., 2016; Yu et al., 2016) for each line within the prediction population 
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(Supplemental Table S1.). The U-value is a numerical estimator of the predicted line’s genetic 
representation within the training population and ranged from 0.507 to 0.996 (Supplemental 
Table S2), with an average value of 0.681 (Supplemental Table S2). Looking within 
subpopulations, average U-value estimates ranged from 0.634 in the tropical population to 0.840 
in the stiff stalk population (Supplemental Table S2). Distributions across and within each 
subpopulation were bi-modal, with the largest peaks near the average for each subpopulation, 
and a smaller peak near 0.95 (Supplemental Fig. S3). 
Phenotypic Data 
 Broad-sense heritability and BLUPs were calculated for 36 traits in the MAP from 
publicly available phenotypic data (Supplemental Table S3.). Harmonic means for each trait 
were estimated and ranged from 1.81 for ‘Spikelets-PrimaryBranch’ to 9.07 for PH 
(Supplemental Table S4.). We used these with the estimated variance components to calculate 
broad-sense heritability on an entry-mean basis for the 36 traits that ranged from 0.18 for 
‘TilleringIndex’ to 0.97 for ‘DaysToTassel’ (Supplemental Table S4.). 
 A small empirical validation population consisting of 294 randomly selected lines from 
the 2,812 AmesDP was phenotyped for ULA, MLA, PH, and EH in a single replicate across 
three years. Phenotypic distributions for all four traits were normally distributed and varied 
widely (Supplemental Fig. S4). Harmonic means estimated for each trait were high and 
consistent across all four traits (>2.94, Supplemental Table S4.), and heritability on an entry-
mean basis ranged from 0.88 for ULA to 0.90 for PH (Supplemental Table S4.). For the large 
empirical validation population, heritability on a line-value basis ranged from 0.86 to 0.92, and 
to the best of our knowledge were only reported for PH, EH, ‘DaysToTassel’, and 
‘DaystoAnthesis’ in the original study (Peiffer et al., 2013, 2014). 
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 Phenotypic data for the small empirical validation population was combined with the 
training population and evaluated for its predictive ability for ULA, MLA, PH, and EH. The 
combined population consisted of 575 lines, with harmonic means ranging from 2.65 for MLA to 
4.41 for EH (Supplemental Table S4.). Heritability on an entry-mean basis was calculated for 
these combined four traits and ranged from 0.83 for MLA to 0.91 for EH (Supplemental Table 
S4.). 
Cross-validation 
 Cross-validation with three fold sizes (2, 5, and 10) was used to assess the MAP’s 
predictive ability across 36 traits. As the size of the training population increased, prediction 
accuracy, defined as the Pearson correlation between GEBVs and observed phenotypic values, 
increased while the standard deviation decreased for all traits (Supplemental Fig. 5, 
Supplemental Table S4.). In the 10-fold CV, average prediction accuracy across the 50 iterations 
ranged from 0.08 for ‘StandCount’ to 0.88 for ‘GDDDaystoTassel’ (Fig. 3). Overall, we 
observed prediction accuracy is significantly correlated (r = 0.79, p < 0.01, Supplemental Fig. 
S6, Supplemental Fig. S7) with repeatability (square root of heritability).  
 To compare how training population size and diversity affects predictive ability, we 
conducted CV with three k-folds (2, 5, and 10) in the small empirical population and the 
combined MAP and small empirical population across four traits: ULA, MLA, PH, EH. The 
combined population had the highest average prediction accuracy across all three k-folds tested 
(Supplemental Fig. S8), as well as the lowest standard deviation (Supplemental Table S4.). With 
the 10-fold CV, average prediction accuracy for the small empirical population was only higher 
than the MAP for PH (Supplemental Fig. S8). For ULA and MLA, average prediction accuracy 
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was lower in the small empirical population and similar for EH when compared to the MAP 
(Supplemental Fig. S8). 
Empirical Validation and Upper Bound for Prediction Reliability 
 The training population was used to predict GEBVs for the 36 traits across all 2,812 lines 
in the prediction population (Supplemental Table S5.). A small empirical validation population 
consisting of 294 lines was phenotyped for three years to empirically validate our predictions for 
ULA, MLA, PH, EH. Prediction accuracy for the four empirically validated traits were generally 
equal to or lower than the average prediction accuracy observed from the 10-fold CV of the 
MAP, small empirical validation population, and combined populations (Supplemental Fig. S8). 
Prediction accuracy was moderate and mostly consistent for all four traits, 0.56 for ULA (Fig. 4), 
0.40 for MLA (Fig. 4), 0.56 for PH (Fig. 4), and 0.66 for EH (Fig. 4). On the other hand, within 
subpopulation prediction accuracy varied widely for all four traits (Fig. 4A-D). In ULA, it 
ranged from 0.13 in popcorn lines to 0.78 for stiff stalk lines (Fig. 4A), while for MLA, it ranged 
from -0.66 in sweet corn lines to 0.45 in popcorn lines (Fig. 4B). For PH, it ranged from 0.30 in 
stiff stalk lines to 0.81 in popcorn lines (Fig. 4C), while for EH, it ranged from 0.19 in sweet 
corn lines to 0.72 in popcorn lines (Fig. 4D). 
 The 294 line empirical validation population was used as a training population to 
generate GEBVs for the lines within the MAP for ULA, MLA, PH, and EH to assess its 
predictive ability. Prediction accuracy was similar for this training population, except we 
observed a higher prediction accuracy for ULA (0.67, Supplemental Fig. S9). The number of 
lines within a subpopulation were different in this training population versus the MAP, and 
within subpopulation prediction accuracy varied as well (Supplemental Fig. S9).   
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 Previous BLUPs for 2,306 lines of the prediction population (Peiffer et al., 2013, 2014) 
for seven traits, PH, EH, ‘DaystoSilk’, ‘GDDDaystoSilk’, ‘DaysToTassel’, ‘GDDDaystoTassel’, 
‘GDDAnthesis-SilkingInterval’, were compared to their GEBVs. Prediction accuracy for these 
seven traits ranged from 0.12 for ‘GDDAnthesis-SilkingInterval’ to 0.87 for ‘GDDDaystoTassel’ 
(Supplemental Fig. S10). Within subpopulation predictions also varied widely for these seven 
traits (Supplemental Fig. S10). Across all traits except ‘GDDAnthesis-SilkingInterval’, the 
mixed subpopulation had the highest prediction accuracy (Supplemental Fig. S10). Excluding the 
mixed subpopulation, prediction accuracy within the non-stiff talk population tended to be the 
highest across most of the seven traits (Supplemental Fig. S10), whereas the popcorn 
subpopulation tended to have the lowest prediction accuracy (Supplemental Fig. S10). 
 A U-value was calculated for all 2,812 inbred lines in the prediction population. In direct 
comparisons of U-values to the GEBVs, we observed most of the predicted values centering on 
the trait mean had lower U-values, while those with extreme GEBVs had higher U-values 
(Supplemental Fig. S11). This formed a distinct “U” shape that was consistent across all 36 traits 
(Supplemental Fig. S11). After ranking the U-values from highest to lowest, the 294 empirical 
validation population lines were classified into three groups, top 50, middle, and bottom 50 to 
compare prediction accuracy within these groups for ULA, MLA, PH, and EH. Lines from the 
mixed and tropical subpopulation composed most of the lines in the bottom 50 (Fig. 5). Across 
all four traits, the top 50 group had a higher prediction accuracy than the overall, while the 
bottom 50 group had a lower prediction accuracy (Fig. 5). Prediction accuracy for the lines in the 
middle group was similar to the overall prediction accuracy for each trait (Fig. 5). Similar results 
were observed for all traits in the larger empirical validation set (2,306 lines) that was also split 
into three groups: top 400, middle and bottom 400 (Supplemental Fig. 12).  
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Discussion 
 Expanding the diversity of our elite germplasm will rely heavily on effective mining of 
useful alleles from accessions warehoused in gene banks all across the world. Most gene banks 
have focused primarily on conserving accessions as opposed to genotypic and phenotypic 
characterization and effective usage of this material. Fortunately, cheap and abundant genotypic 
data combined with increased investments in extensive phenotyping of representative subsets 
provides an amazing opportunity for genomic prediction to unleash the allelic diversity housed in 
gene banks. This study utilized genomic prediction to assess the MAP's effectiveness in 
generating GEBVs for the AmesDP across 36 traits. With previously generated genotypic data 
available for both sets of material and publicly available phenotypic data for the MAP, we 
investigated CV prediction accuracy for 36 traits in the MAP and generated GEBVs for these 
traits. We empirically validated our predictions with four traits phenotyped across a small 
empirical validation population (294) and with a large empirical validation population (2,306) 
that was previously phenotyped for seven traits. Additionally, we used this empirical validation 
data to investigate prediction accuracy within subpopulations and explore the relationship 
between U-values and prediction accuracy. 
Cross-validation Prediction Accuracy 
 Significant investments in dense genotypic data across the AmeDP (Romay et al., 2013) 
combined with extensively phenotyping the MAP for numerous types of traits across multiple 
environments (Hung et al., 2012) provided a suitable training population for our genomic 
prediction model. The 36 traits investigated in this study include different components of maize 
development such as plant architecture, flowering, tassel, ear, and kernel. With a range of broad- 
sense heritability values, we conducted CV for all 36 traits with different training population 
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sizes (k-fold = 2, 5, and 10) to determine the MAP’s predictive ability. Across all traits, 
prediction accuracy increased with training population size, which is consistent with previous 
observations (e.g. Crossa et al., 2016; Yu et al., 2016; Muleta et al., 2017). Furthermore, the 
average prediction accuracy with the largest fold (k = 10) for all traits was strongly correlated 
with the square root of broad-sense heritability, or repeatability. This correlation has been 
observed previously (Yu et al., 2016) and further highlights the need for increasing phenotyping 
accuracies through improved experimental designs and balancing traditional versus precision-
phenotyping methods depending on the trait (Cobb et al., 2013). For example, high-throughput 
phenotyping methods like unmanned aerial vehicles (e.g. Pugh et al., 2017; Crain et al., 2018) 
could be deployed for quick and highly accurate phenotyping for traits like PH across single rep 
locations, whereas traits like ‘TotalKernelVolume’ may benefit from more controlled 
experimental designs and slower but more precise phenotyping strategies to improve heritability 
and therefore prediction accuracy. 
Empirical Validation 
 Cross-validation provides an estimate of a training population’s predictive ability for a 
given trait. Validating these predictions on a subset of lines would provide an additional layer of 
confidence in these predictions, so they would be useful for breeders or researchers who want to 
select appropriate material from gene banks. Accordingly, we empirically validated predictions 
for four traits (ULA, MLA, PH, and EH) across 294 lines from the AmesDP. For all four traits, 
prediction accuracy did not exceed the average prediction accuracy observed from the CV (k = 
10) with the training population. Phenotyping of the training population occurred across multiple 
geographical locations across the U.S. (Hung et al., 2012), whereas the small empirical 
validation population was only evaluated in a single geographic location across multiple years 
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(Boone, IA) and without an experimental design. Additionally, these predictions were only 
evaluated for about 10% of the entire collection. Together, these factors could account for a 
prediction accuracy lower than what was observed for 10-fold CV in the training population. 
 Additionally, we investigated prediction accuracy with previously generated phenotypic 
data for seven traits (Romay et al., 2013; Peiffer et al., 2013, 2014), two of which overlap with 
our collected data (PH and EH). These seven traits were evaluated across multiple environments 
and include a larger percentage of the lines from the AmesDP. Prediction accuracy for these 
seven traits meet or even exceed the average prediction accuracy observed in the 10-fold CV of 
the training population. Previous research that used the entire phenotyped panel (2,306 lines) to 
train the prediction model and predict phenotypes for all the lines (Peiffer et al., 2013, 2014) 
achieved a high prediction accuracy for PH (0.86), EH (0.91), and ‘DaysToTassel’ (0.97). These 
were larger than the prediction accuracy we observed but were achieved with a much larger 
training population (2,306 vs 281) that was phenotyped across geographically diverse 
environments. Together, these results support the predictions made with the MAP as a training 
population for the AmesDP. 
Upper Bound for Prediction Reliability 
 Phenotypically evaluating numerous traits across all of the lines within the AmesDP or 
other gene banks is prohibitively expensive and time consuming even with today’s high 
throughput methods. We generated GEBVs across 36 traits for all lines within the AmesDP, and 
empirically validated prediction accuracy for nine of them. For traits without empirical 
validation, a U-value can complement GEBVs for selecting useful and informative lines from 
gene banks. Each U-value depicts the genotypic representation each individual in the prediction 
population has within the training population. A U-value close to 1.0 indicates an individual’s 
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genotypic data is highly represented within the training population. Overall, distributions of the 
U-Value is bimodal, with peaks near 0.6 and 0.9, indicating that there are lines with good and 
bad representation in the training population. If we look closer within sub-populations, we see 
that certain populations tend to have higher representation in the training population, and 
therefore have higher U-values.  
 We were interested in seeing how U-values relate to prediction accuracy and investigated 
empirical prediction accuracy for individuals with low U-values, high U-values, and the 
remaining lines. Across all traits that were empirically validated, individuals with high U-values 
had higher a prediction accuracy than the overall, whereas those with low U-values have a lower 
prediction accuracy. Previous results obtained through simulation (Karaman et al., 2016) and 
empirical validation (Yu et al., 2016) are consistent with our observations. These results suggest 
that designing training populations to optimally maximize U-values for all lines in the prediction 
population may improve prediction accuracy. Additionally, by selecting lines with high U-
values, breeders and researchers can have more confidence in the phenotypic predictions for a 
given line they have selected. 
Potential Selection for Yield 
 Economically speaking, grain yield is the most important trait for maize breeders yet 
yield on a per se or testcross basis was not determined for the individuals within the training 
population. Yield is traditionally a low heritability trait; however, the traits that affect yield, or 
yield component traits, are generally much higher (Carena et al., 2010). Traits such as kernel 
number, kernel weight, kernel row number, kernels per row, ear length, ear diameter, etc., are 
examples of yield component traits (Carena et al., 2010). Conveniently, many of these yield 
component traits were phenotyped across the training population. We observed moderate to high 
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heritability values and moderate CV prediction accuracy within the training population for these 
yield component traits. The GEBVs for yield component traits along with their corresponding U-
Values, can allow breeders and researchers to select inbred lines with extreme GEBVs and high 
prediction reliabilities to begin evaluating for integration into their breeding or research 
programs. 
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Figures 
 
Fig. 1. Genomic prediction and validation outline. The Maize Association Population was used to train a genomic prediction model and produce 
genomic estimated breeding values (GEBVs) for the Ames Panel (A).The GEBVs were generated for a set of 36 traits  that were classified into 
six different trait types (B). A small empirical validation population from the Ames Panel (A) was selected to validate phenotypic predictions for 
‘UpperLeafAngle’, ‘MiddleLeafAngle’, ‘PlantHeight’, and ‘EarHeight’ (C). Phenotypes from previous research are indicated with asterisk (B) 
and were used to validate predictions for seven traits on a larger set of material (2,306 lines). 
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Fig. 2. Population structure analysis. The reference population consists of the Maize Association Population and Ames Panel, and population 
structure was determined through a combination of an admixture analysis, principal component analysis, and previous research’s classifications. 
Subsetting of the reference population into the training and small empirical validation populations reveals consistent subpopulation structure and 
representation. 
 
 
Fig. 3. Cross-validation of the Maize Association Population. Three fold sizes (k = 2, 5, and 10) were tested across all 36 traits to assess 
prediction accuracy stability in the Maize Association Population. Bar height and numerical text represents the average prediction accuracy of 50 
iterations from 10-fold test, and red error bars represent the standard deviation.  
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Fig. 4. Empirical validation of four traits in the small empirical validation population. A set of 294 lines were randomly selected from the Ames 
Panel to validate predictions for four traits: ‘UpperLeafAngle’, ‘MiddleLeafAngle’, ‘PlantHeight’, ‘EarHeight’. Colored dots represent respective 
subpopulation classifications, and overall and within subpopulation prediction accuracy is reported.    
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Fig. 5. Prediction accuracy and its relationship with upper bound for reliability (U-value). Based on ranked U-values from highest to lowest, the 
small empirical validation population was split into three groups, Top50, Middle, and Bottom50, to compare prediction accuracy with the groups. 
Supplemental Figures 
 
Supplemental Fig. S1. Imputation accuracy testing multiple missing rates. Multiple missing rates were assessed best comparing imputation 
accuracies using the program ‘Beagle v4.1’ and the genotypic data for chromosome 10 of the reference population. 
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Supplemental Fig. S2. Cross-validation of ancestry estimation. Single nucleotide polymorphisms in linkage disequilibrium were pruned from the 
dataset. These were used with a cross-validation procedure within the program ‘ADMIXTURE v1.3’ to identify the optimal number of sub-
populations in the reference populations. 
 
 
Supplemental Fig. S3. Distribution of upper bound for reliability values (U-values). The genomic data for the training and validation populations 
was used to calculate upper bound for reliability values for the validation population. It determines the representation of the validation population 
within all linear combinations of the genotypes in the training population. A value close to 1.0 indicates that the sample is well represented within 
the training population.  
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Supplemental Fig. S4. Phenotypic distributions of the small empirical validation for four traits. A set of 294 lines were randomly selected from 
the 2,812 lines of the prediction population. They were phenotyped for four traits across three years, and best linear unbiased predictors were 
determined for each line. 
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Supplemental Fig. S5. Cross-fold validation of 36 traits for the Maize Association Population. Publically available genotypic and phenotypic data for the Maize Association Population was used to 
assess its efficacy as a genomic prediction training population. Cross-fold validation using three fold sizes (k = 2, 5, and 10) were tested with the Maize Association Population to determine the average 
prediction accuracy for 36 traits. 
 
 
Supplemental Fig. S6. Comparison of broad-sense heritability with prediction accuracy for 36 traits. Comparison of repeatability with prediction accuracy. The 36 traits were classified into six trait 
types, and cross-fold validation prediction accuracy was compared with broad-sense heritability on an entry-mean basis. 
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Supplemental Fig. S7. Comparison of repeatability with prediction accuracy. The 36 traits were classified into six trait types, and cross-fold 
validation prediction accuracy was compared with broad-sense heritability on an entry-mean basis. 
 
 
Supplemental Fig. S8. Cross-validation with different training populations. Cross-fold validation using a fold size of 10 was used to explore 
prediction accuracy using three different training population sizes and diversity. Bars represent the standard deviation of prediction accuracy. 
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Supplemental Fig. S9. Empirical validation of predictions for the Maize Association Population. The small empirical validation population was 
used to predict genomic estimated breeding values for four traits in the Maize Association Population. Prediction accuracy was compared within 
and across sub-populations. 
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Supplemental Fig. S10. Empirical validation of nine traits in the large empirical validation population. Publically available phenotype data for 
2,306 lines from the prediction population were used to assess prediction accuracy within and across sub-populations for nine traits.  
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Supplemental Fig. S11. Upper bound for reliabiliy measurements compared with genomic estimated breeding values for 36 traits. 
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Supplemental Fig. S12. Prediction accuracy and its relationship with upper bound for relability in the large empirical validation population
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Supplemental Tables 
Supplemental Table S1. Summary information and subpopulation classification for the 3,093 lines used in this study.  
 
This table is available in a supplemental file entitled Dzievit_Supplement_Tables.xlsx 
 
 
Supplemental Table S2. Average values of upper bound for reliability (U-values) across different subpopulations. 
Population Average U-Value Maximum U-Value Minimum U-Value 
All of AmesDP 0.681 0.996 0.507 
Stiff Stalk 0.840 0.995 0.667 
Non-stiff Stalk 0.728 0.994 0.557 
Tropical 0.634 0.996 0.515 
Popcorn 0.746 0.982 0.609 
Sweet Corn 0.688 0.992 0.567 
Mixed 0.639 0.993 0.507 
 
Supplemental Table S3. Best linear unbiased predictors for the 281 lines in the Maize Association Population that was used as the training population for the genomic prediction model.  
 
This table is available in a supplemental file entitled Dzievit_Supplement_Tables.xlsx 
 
Supplemental Table S4. Broad-sense heritability, best linear unbiased predictions, and average prediction accuracy obtained from cross-validation runs for 36 traits in the Maize Association Population. 
 
              
Avg. Prediction 
Accuracy 
Std. Dev. of 
Prediction Accuracy 
Training Population Trait Type Trait 
Genotypic 
Variance 
Residual 
Variance 
Harmonic 
means 
Broad- 
Sense 
Heritability 
2 
Fold 
5 
Fold 
10 
Fold 
2 
Fold 
5 
Fold 
10 
Fold 
Maize Association 
Plant 
Architecture  UpperLeafAngle 189.30 107.19 5.76 0.91 0.63 0.64 0.64 0.03 0.01 0.01 
  
MiddleLeafAngle 69.24 56.52 2.39 0.75 0.46 0.50 0.51 0.04 0.02 0.01 
  
PlantHeight 428.90 253.68 9.07 0.94 0.51 0.55 0.56 0.03 0.02 0.01 
  
EarHeight 305.45 155.66 8.97 0.95 0.64 0.67 0.68 0.03 0.01 0.01 
  
LeafWidth 159.42 96.34 8.17 0.93 0.57 0.60 0.61 0.03 0.02 0.01 
 
  LeafLength 10710.48 4035.49 8.06 0.96 0.71 0.74 0.74 0.02 0.01 0.01 
 
Tassel  TasselLength 1820.47 985.00 6.66 0.92 0.46 0.49 0.51 0.04 0.02 0.01 
  
TasselPrimaryBranches 22.14 8.58 6.89 0.95 0.57 0.59 0.60 0.02 0.01 0.01 
  
TasselBranchLength 1299.78 799.11 2.41 0.80 0.43 0.48 0.49 0.04 0.02 0.02 
  
MainSpikeLength 1271.54 782.62 6.64 0.92 0.32 0.37 0.38 0.05 0.03 0.02 
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Supplemental Table S4. Continued 
  
SecondaryBranchNumber 2.00 1.18 2.61 0.82 0.51 0.54 0.55 0.02 0.02 0.01 
  
Spikelets-MainSpike 25.22 59.65 1.82 0.44 0.22 0.26 0.28 0.05 0.03 0.02 
 
  Spikelets-PrimaryBranch 15.09 25.58 1.81 0.52 0.20 0.23 0.23 0.05 0.02 0.02 
 
Flowering  DaystoSilk 74.45 16.51 7.20 0.97 0.83 0.85 0.86 0.01 0.01 0.00 
  
GDDDaystoSilk 10586.74 3332.01 7.79 0.96 0.80 0.83 0.84 0.01 0.01 0.00 
  
DaysToTassel 70.75 15.11 7.62 0.97 0.85 0.87 0.88 0.01 0.01 0.00 
  
GDDDaystoTassel 10916.12 2714.71 8.75 0.97 0.84 0.86 0.87 0.01 0.01 0.00 
 
  
GDDAnthesis-
SilkingInterval 222.00 543.92 8.29 0.77 0.08 0.14 0.15 0.05 0.04 0.03 
 
Ear  EarWeight 312.27 587.90 3.85 0.67 0.46 0.50 0.51 0.03 0.02 0.01 
  
CobWeight 21.38 47.86 4.90 0.69 0.37 0.44 0.45 0.05 0.02 0.02 
  
TotalKernelWeight 200.44 445.88 3.76 0.63 0.42 0.47 0.48 0.04 0.02 0.01 
  
EarDiameter 12.26 12.71 4.41 0.81 0.52 0.56 0.57 0.04 0.02 0.01 
  
CobDiameter 6.68 6.40 4.92 0.84 0.45 0.51 0.53 0.03 0.02 0.01 
  
EarLength 269.27 385.53 4.99 0.78 0.27 0.32 0.33 0.05 0.03 0.02 
  
EarRankNumber 9.01 26.73 2.93 0.50 0.22 0.25 0.25 0.04 0.02 0.02 
  
EarRowNumber 2.76 2.19 4.29 0.84 0.45 0.50 0.51 0.04 0.01 0.01 
 
  SeedSetLength 207.83 429.24 3.67 0.64 0.22 0.28 0.29 0.05 0.03 0.02 
 
Kernel  20KernelWeight 0.59 0.83 3.56 0.71 0.40 0.46 0.47 0.06 0.02 0.01 
  
NIROil 0.48 0.29 2.72 0.82 0.42 0.47 0.47 0.04 0.02 0.02 
  
NIRStarch 4.65 4.28 2.72 0.75 0.35 0.40 0.41 0.05 0.03 0.02 
  
NIRProtein 1.37 1.47 2.72 0.72 0.34 0.37 0.38 0.04 0.02 0.02 
  
GerminationCount 2.48 7.49 5.99 0.66 0.32 0.35 0.37 0.05 0.02 0.02 
 
  TotalKernelVolume 157.82 759.12 2.28 0.32 0.17 0.20 0.22 0.06 0.04 0.02 
 
Other  SouthernLeafBlight 1.27 0.57 2.86 0.87 0.68 0.71 0.72 0.02 0.01 0.01 
  
StandCount 0.58 3.05 3.97 0.43 0.08 0.08 0.08 0.05 0.04 0.03 
    TilleringIndex 0.02 0.16 2.41 0.18 0.15 0.19 0.19 0.09 0.05 0.03 
Small Empirical 
Plant 
Architecture  UpperLeafAngle 153.87 59.38 2.94 0.88 0.503 0.538 0.545 0.03 0.02 0.02 
  
MiddleLeafAngle 59.20 18.35 2.94 0.90 0.389 0.460 0.469 0.04 0.02 0.02 
  
PlantHeight 645.74 201.97 2.96 0.90 0.557 0.605 0.617 0.04 0.02 0.01 
    EarHeight 425.95 150.01 2.96 0.89 0.627 0.665 0.670 0.02 0.01 0.01 
Combined: Maize 
Association + Small 
Empirical 
Plant 
Architecture  UpperLeafAngle 168.08 94.89 3.86 0.87 0.603 0.629 0.634 0.02 0.01 0.01 
  
MiddleLeafAngle 65.23 34.84 2.65 0.83 0.462 0.500 0.512 0.03 0.01 0.01 
  
PlantHeight 523.50 243.71 4.42 0.90 0.567 0.608 0.616 0.02 0.01 0.01 
    EarHeight 361.09 154.72 4.41 0.91 0.646 0.679 0.684 0.01 0.01 0.01 
148 
 
 
Supplemental Table S5. Genomic estimated breeding values for the 2,812 U.S. maize national seed bank lines across 36 traits.  
This table is available in a supplemental file entitled Dzievit_Supplement_Tables.xlsx 
 
Data and Code Availability 
Data and code used in this study will be uploaded in an online public repository: 
https://github.com/mdzievit/Genomic_Prediction 
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CHAPTER FIVE: GENERAL CONCLUSIONS 
 
 The ability to explain and predict leaf angle variation will help to optimize leaf angle 
across the maize canopy in order to increase productivity per unit of land. Genetic mapping 
with representative lines of the major U.S. heterotic groups in maize provided an opportunity 
to begin explaining which regions of the genome were targeted during maize’s adaptation to 
higher planting densities. A major effect quantitative trait locus was consistently detected on 
chromosome 1 across two populations and generations in the lower canopy. A nearby 
candidate gene that perceives far-red light signals, PhyC1, physically maps within this 
quantitative trait locus interval. Furthermore, the genomic hotspots identified from the meta-
analysis help explain the genomic regions that are controlling leaf angle in diverse genetic 
backgrounds and at different canopy levels.  
 Breeding maize varieties with the ideal canopy architecture for high planting densities 
involves explaining the genetic mechanisms that control leaf angle variation across multiple 
canopy levels. To accomplish this, the three representative inbred lines were also used to 
evaluate leaf angle across four canopy levels. Canopy-wide and leaf specific quantitative trait 
loci were identified, with two major effect quantitative trait loci detected on chromosomes 1 
and 5. Developmental reaction norms using the phenotyped leaves across the canopy helped 
reveal two distinct classes of quantitative trait loci based on how the genetic effect changes 
across the canopy. Stable effect quantitative trait loci affect leaf angle similarly across the 
canopy, while dynamic quantitative trait loci’s effect depends on the level of the canopy. The 
high yielding and upright leaf angle stature of modern maize varieties may have favored 
quantitative trait loci with dynamic effects to achieve the optimal canopy architecture for 
high planting densities. This could be determined by comparing ex-plant variety protection 
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inbred lines and older inbred lines for leaf angle across multiple canopy levels. These results 
advance our knowledge about leaf angle within and across different canopy levels and can 
assist breeders developing hybrid varieties with ideal canopy architectures for high planting 
densities by selecting leaf angle quantitative trait loci with dynamic canopy effects. 
 Furthermore, findings from this study will be beneficial for the future development of 
maize hybrids with optimized leaf angles for specific agronomic management conditions. For 
example, altering row spacing and increasing planting density in the U.S. would change the 
light distribution within the maize canopy, therefore requiring further investigation into the 
optimal leaf angle and other morphological characteristics that will maximize light 
interception. Increasing our knowledge about the genes controlling leaf angle and leaves they 
affect within the canopy means they could be targeted by genome editing techniques to 
develop custom maize hybrids that are optimized for specific agronomic management 
conditions. For other countries with different agronomic management conditions, editing 
these specific leaf angle genes could help quickly develop maize hybrids that are adapted to 
their agronomic management conditions. Optimizing leaf angle for specific agronomic 
management conditions will contribute our goal of increasing productivity per unit of land. 
 Predicting complex traits like leaf angle, is challenging when using only the 
explained genetic variation garnered from bi-parental populations. Rather than using the few 
large effect quantitative trait loci identified from these populations, current genotyping 
technologies make it feasible to predict phenotypes from whole-genome data and mine useful 
germplasm from gene banks across the world. Expansion of our elite maize germplasm’s 
diversity will be necessary to continue maintaining or increasing genetic gain rates and 
safeguard against future abiotic and biotic stresses. To accomplish this, the Maize 
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Association Population’s predictive ability for 36 traits through genomic prediction was 
investigated. Cross-validation revealed weak to strong prediction accuracy across all 36 traits 
and a strong relationship between a trait’s repeatability and prediction accuracy. Using the 
Maize Association Population as a training population, these 36 traits were predicted for the 
U.S. maize national seed bank lines and extensive empirical validation for nine traits 
confirmed the prediction accuracy observed from cross validation. Maize lines with high 
prediction reliability values yielded higher prediction accuracy than lines with lower values.  
 Together, these results highlight the power of the Maize Association Population as a 
genomic prediction training population in predicting genomic estimated breeding values for a 
variety of traits in the U.S. maize national seed bank. Rather than selecting and evaluating 
large numbers of inbreds from the gene banks without relevant trait information, breeders or 
researchers can use this information (predicted genomic estimated breeding values and 
prediction reliability values) to efficiently select and incorporate certain inbreds into their 
breeding or research programs.   
 Results from this research focused on leaf angle that was phenotyped after the plant 
reached developmental maturity (after flowering). Further research into leaf angle variation 
in early developmental stages would also be informative for maximizing light interception 
across the entire season through earlier canopy closure. The first few emerged leaves are 
typically not viable later in the season to evaluate for leaf angle, therefore early season 
phenotyping for leaf angle compared with late season phenotyping will be crucial for 
understanding the genetic control of leaf angle across the plant’s entire development. 
Furthermore, constant monitoring of canopy closure across multiple growing points could be 
a suitable research area for incorporating unmanned aerial vehicles to investigate leaf angle’s 
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role in this process. Early season phenotyping for leaf angle will be important for 
understanding its genetic control and predicting lines with leaf angle profiles that help with 
early season canopy closure. There are still many questions that need answered, but this 
research provides a foundation for optimizing leaf angle across the canopy, which will help 
maximize productivity per unit of land and continue feeding our growing population. 
